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Abstract. Point sources account for a large portion of anthropogenic greenhouse gas (GHG) emissions. Timely detection,
localization, and quantification of these emissions are critical for supporting carbon neutrality efforts. Spaceborne monitoring
satellites can provide essential concentration data for identifying point sources. However, existing methods often require human
intervention and typically detect plume masks instead of source locations, limiting their utility for regulatory applications. In
this study, we present GHGPSE-Net, a deep learning method for greenhouse gas point source extraction. GHGPSE-Net simul-
taneously performs detection, localization, and quantification of emissions, eliminating the need for traditional segmentation
steps. To train and evaluate the model, we construct synthetic datasets using an atmospheric transport model and validate its
accuracy against radiosonde profiles and satellite observations. GHGPSE-Net demonstrates desirable performance in the sim-
ulation data across detection (F}-score of 0.96), subpixel-level localization and quantification (Pearson’s correlation of 0.99,
root mean square error of 8§9.9 tCO hr=1), tested on ideal instrument of 2 km x 2 km resolution with retrieval noise of 1.5
parts per million (ppm). The results also demonstrate considerable generalization of the proposed model when tested using
two independent datasets. On the identified sources from OCO-3 spaceborne observations, GHGPSE-Net achieves a detection
precision of 0.60, localization accuracy of 2.47 km, and a Pearson’s R of 0.89 for quantification. The proposed method and
datasets provide a valuable foundation for future research towards rapid and automated GHG point source extraction, offering

critical data to support swift responses to abnormal emission events.

1 Introduction

In response to global climate change, major economies worldwide have reached climate agreements such as the Paris Agree-
ment, which aims to reduce greenhouse gas (GHG) emissions and limit long-term global warming to well below 2°C, striving
for 1.5°C above pre-industrial levels. Spaceborne satellite remote sensing offers high-coverage and objective data to support
climate policy making and evaluation. Its unique advantage is highlighted by the Intergovernmental Panel on Climate Change
(IPCC) (Calvo Buendia et al., 2019). According to various emission inventories (Janssens-Maenhout et al., 2019; Oda et al.,
2018; Xu et al., 2024) and observation campaigns (Duren et al., 2019; Thorpe et al., 2023), a significant portion of anthro-

pogenic GHGs is emitted by spatially concentrated facilities, or point sources. Spaceborne GHG monitoring can track emis-
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sion rates for these point sources, as well as reveal abnormal emissions, providing valuable reference data for environmental
administration departments.

Most current carbon monitoring satellites measure the backscatter solar radiation in the CO5 or CH4 absorption band with
fine spectral resolution. GHG concentrations are then retrieved using full physics algorithms (Yokota et al., 2009; Yang et al.,
2020; Crisp et al., 2021) or alternative algorithms such as the IMAP-DOAS (Frankenberg et al., 2005) and WFM-DOAS
(Krings et al., 2011). The concentration map can reveal high-value pixels from the emission plume of a point source, which
can be used for source detection and quantification. Exploratory research uses sparse-spatial-resolution instruments, which are
initially for global observation to support assimilation systems, to perform point source monitoring. For example, OCO-2/3
satellites are employed for global power station CO5 emission monitoring using the Gaussian plume inversion method (Nassar
et al., 2017, 2021; Lin et al., 2023). Following OCO-2/3, fine-spatial-resolution and narrow-swath (FSR-NS) instruments
such as GHGSat(Varon et al., 2018), PRISMA(Guanter et al., 2021), AHSI(He et al., 2024), and EMIT(Thorpe et al., 2023)
are of particular interest due to their ability to resolve plume structure for precise localization and quantification. However,
these instruments are limited by their narrow swath and coverage. To address this, sparse-spatial-resolution and wide-swath
(SSR-WS) satellites represented by TROPOMI are used to identify regions with super emitters, guiding further investigations
with FSR-SS satellites (Irakulis-Loitxate et al., 2022; Maasakkers et al., 2021; Schuit et al., 2023). New-generation carbon
monitoring satellites, such as CO2M (Durand et al., 2023), GOSAT-GW (Tanimoto et al., 2025), and The new generation of
Chinese Carbon Dioxide Observation Satellite Mission (TanSat-2) (Wu et al., 2023; Fan et al., 2025), typically have a spatial
resolution of 0.5 to 4 km and a swath width ranging from several hundred to several thousand kilometers, balancing spatial
resolution and swath and enhancing point source tracking ability and guiding investigations with FSR-NS satellites. TanSat-2 is
equipped with two GHG monitoring spectrometers, including the Ultra-wide-field Carbon Pollution collaborative monitoring
Instrument (UCPI) with 2 km nadir spatial resolution, and the Hotspot Greenhouse gas Emission Tracker (HGET) with 0.5 km
nadir spatial resolution. TanSat-2 is also equipped with a Onboard intelligent Hotspot Extraction and Distribution Instrument
(OHEDI), which aims to verify onorbit GHG point source extraction and global distribution in near-real-time.

These new spaceborne GHG monitoring platforms require more efficient and automatic point source extraction algorithms
for swift response across departments and missions for abnormal emission events. Ongoing work is enhancing end-to-end
concentration retrieval algorithms (Chen et al., 2025b; Reuter et al., 2025), laying the foundation for automatic point source
extraction. However, current point source extraction methods still largely depend on expert analysis. For plume or source detec-
tion, Nassar et al. (2017) manually labels the emission points and assigns the plume and background pixels for quantification.
Statistical test methods (Kuhlmann et al., 2019a) and classic computer vision techniques (Varon et al., 2018) are also introduced
for more automatic plume pixel identification. Though these methods reduce manual intervention, expert interpretation is still
needed to identify plume regions. Furthermore, the subsequent quantification relies on these explicitly extracted plume pixels.
Common quantification methods include Gaussian plume fitting (Bovensmann et al., 2010; Nassar et al., 2017), cross-sectional
flux, and the integrated mass enhancement (IME) method (Varon et al., 2018). Therefore, new methods need to be considered

for automatic source extraction.
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In recent years, deep learning methods have been introduced for spaceborne GHG point source quantification (Jongaramrun-
gruang et al., 2022; Radman et al., 2023) and plume segmentation (Schuit et al., 2023). Some studies futhur combine retrieval
and plume segmentation (Joyce et al., 2023; Rizicka et al., 2023; Vaughan et al., 2024; Chen et al., 2025a). However, most
of these approaches treat source extraction primarily as a segmentation task, which only provides plume pixel masks, instead
of the point source location and the emission strength simultaneously. Explicit source location and emission rate, rather than
just a plume mask, would offer more actionable data for environmental management and other observational tasks, especially
when pixel size is large.

To meet the demand for fast and automatic point source extraction in current and future missions, a deep learning point-
object-detection model referred GHGPSE-Net, based on the convolutional neural network (CNN) and Gaussian kernel fitting
(GKF), was proposed to simultaneously detect, locate, and quantify sources in a unified framework. Observation simulation
datasets over Shanghai, a large city with complex emission distributions, were constructed using the Weather Research and
Forecasting model in GHG mode (WRF-GHG; Beck et al., 2011). To increase the global applicability of models trained on
this dataset, a data augmentation strategy is also proposed. Synthesized observation snapshots were generated for OCO-3 and
the two instruments of TanSat-2, respectively. The performance of GHGPSE-Net was then evaluated separately on each of
these synthesized datasets. To further evaluate the zero-shot generalization of the proposed model, we trained GHGPSE-Net
on the synthetic dataset and tested on the independent SMARTCARB simulation dataset (Kuhlmann et al., 2019b, 2020) and
OCO-3 observations (OCO-2/0CO-3 Science Team et al., 2022). Section 2 illustrates the construction of datasets, the design of
GHGPSE-Net, the experiment setup, and the evaluation approach. Section 2.4 describes the model performance and evaluation

results. Section 3 provides discussions and concludes the study.

2 Data and method
2.1 Synthesized observation dataset

Due to the limited coverage of current OCO-2/3 observations and the inherent retrieval noise from instrumental and prior
uncertainties, the current observation data are insufficient for deep learning training, especially for future missions. In this
regard, simulation-based approaches are widely adopted in the spaceborne GHG monitoring domain, as demonstrated by
studies such as Varon et al. (2018), Jongaramrungruang et al. (2022), Radman et al. (2023), and Dumont Le Brazidec et al.
(2024). The Weather Research and Forecasting (WRF) model is commonly used to simulate city-scale atmospheric CO9
transport (Zheng et al., 2019; Lei et al., 2022; Nerobelov et al., 2023). WRF-GHG (Beck et al., 2011) is a specialized branch of
WREF for GHG simulation. Comparisons with observations show that high-resolution WRF-GHG simulations can accurately
capture CO5 plumes from power plants (Brunner et al., 2023). We synthesize pseudo-observation datasets using WRF-GHG to

train and evaluate the deep learning method.
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2.1.1 COg; concentration simulation using WRF-GHG

We implement the WRF-GHG model by modifying the WRF 4.6.0 source code (https://github.com/wrf-model/WRF/releases,
last access: 30 Sep. 2024). The physical schemes, based on Beck et al. (2011), include the RRTM scheme for longwave
radiation, the Dudhia scheme for shortwave radiation, the Kain-Fritsch cumulus parameterization for the outermost domain,
the YSU scheme for the planetary boundary layer (PBL) parameterization, the Monin-Obukhov scheme for the surface layer,
the WSMS5 scheme for microphysics, and the NOAH scheme for land surface model (LSM). The simulation domain focuses
on Shanghai, China, using a 3-layer one-way nesting setup. The innermost domain has a resolution of 0.5 km x 0.5 km, to
match the ground pixel size of HGET of TanSat-2, while the outermost domain has a resolution of 12.5 km x 12.5 km given a
grid ratio of 5. The innermost domain spans 110 km x 150 km, encompassing most of the land area of Shanghai. The vertical
grid has 50 layers, with the top at 5 kPa. A four-month simulation continuously runs to generate 2400 3-dimensional CO2

snapshots, each with diverse plumes and background CO- concentrations stored as different tracers.

Figure 1. WRF-GHG simulation domain settings. The left panel outlines the three nested domains, while the right panel demonstrates the
distribution of major point sources (indicated by circles) and the Baoshan radiosonde station (indicated by a triangle) within the innermost

domain.
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The primary driving data for the simulation are summarized in Table 1. The Meteorological inputs are derived from the NCEP
Final (NCEP-FNL,; National Centers for Environmental Prediction et al., 2015) dataset, with a temporal resolution of 6 hours
and a spatial resolution of 0.25° x 0.25°. Lateral boundary conditions for background CO; are derived from CarbonTracker
2022 (Jacobson et al., 2023). Power plant emissions are treated as point sources, with locations, emission rates and temporal

profiles obtained from the CoCO2 dataset (Guevara et al., 2024). Power plants within 0.5 km of each other are merged,
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and the top 10 facilities (accounting for 79.13% of total energy-related emissions in Shanghai) are modeled as individual
tracers for analysis and data augmentation. Remaining anthropogenic emissions are derived from the EDGAR Community
GHG Emissions database (Janssens-Maenhout et al., 2019), with temporal profiles from Crippa et al. (2021) to better capture
the CO, variability. The EDGAR dataset, at 0.1° resolution, is relatively coarse compared to our simulation grid of 0.5 km.
Higher-resolution emission data could potentially improve spatial details, as suggested by Kuik et al. (2016), to better capture
local concentration patterns. In this regard, similar to Bisht et al. (2023), we utilize local population, road, and land-use data as
proxies to redistribute the downscale EDGAR emissions to the model grid. The biomass CO5 fluxes are pre-calculated using
the VPRM model (Mahadevan et al., 2008) and the ocean CO5 fluxes data are derived from the GONGGA inversion dataset
(Jin et al., 2024).

Table 1. Configuration of driving data for WRF-GHG simulations

Item Source

Meteorology NCEP-ENL 0.25° Global Analysis data (National Centers for

Environmental Prediction et al., 2015)

Lateral boundary Carbon Tracker 2022 (Jacobson et al., 2023)
Point source CoCO2 (Guevara et al., 2024)
Ermiss; Other anthropogenic emissions EDGAR v8.0 GHG (Janssens-Maenhout et al., 2019)
missions
Biogenic CO2 fluxes VPRM (Mahadevan et al., 2008)
Ocean CO2 fluxes GONGGA COs fluxes (Jin et al., 2024)

2.1.2 Synthetic X CO- observation dataset

The column-averaged dry air mole fraction, denoted as X CO with uint parts per million (ppm), is derived from the three-
dimensional CO4 concentration of the tracers, and is given by

VCDco, _ 2.; VCDdryair,i X XCOg;
VCDdryair B VCDdryair,i ,

XCO, = 6]

where VCDco, denotes the total vertical column density of CO2, VCDg,yair denotes the total vertical column density of dry
air. XCOg; and VCDgyyair,; denote the CO2 volume mixing ratio and vertical column density of dry air in i-th layer of the
model, respectively, and are provided by the model output.

Pseudo-observation XCO, images are synthesized using WRF-GHG output in the innermost domain at a 500 m x 500
m horizontal resolution, after applying shift, rotation, and downsampling procedures as described in Pang et al. (2025). The
resulting images are then cropped to approximately 100 km x 100 km. Retrieval noises are then added to the images, with a
data augmentation approach for tracers outlined in Section 2.1.3. The retrieval noise is determined by instrumental noise and
illumination, which is further defined by observation geometry, surface reflectance, aerosol optical depth, etc., such as analysed

by Galli et al. (2014) and Jongaramrungruang et al. (2021). A detailed noise formulation is beyond the scope of this work, so it
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is treated as uncorrelated Gaussian noise. The observation datasets with different instrument configurations, including ground
pixel size and retrieval noise, are shown in Table 2. Five datasets are synthesized using different instrument configurations.
Each dataset contains 24,000 XCO4 concentration maps along with the corresponding source locations and emission strengths.
Examples of the synthesize X CO, observations for the HGET instrument are shown in Fig.2, and more examples for other

instruments are shown in the Supplement.

Table 2. Instrumental configurations for pseudo-observation

Scenario Spatial resolution (km?)  Image size X COz 1-¢ noise (ppm)
HGET 0.5x0.5 192x192 1.5
HGET-3ppm 0.5x0.5 192x192 3.0
UCPI 2.0x2.0 48x48 1.5
UCPI-3ppm 2.0x2.0 48x48 3.0
0OCO-3“ 2.25 x 0.7 48x 144 1.4

@ Eldering et al. (2019).

2.1.3 Data augmentation

We propose a data augmentation method to improve the generalization of models trained on spatial-temporal limited datasets by
rescaling tracer concentrations, both directly and in proportion to emission rates. COs is chemically inactive in the atmosphere,
as a result, its concentration is proportional to the emission rate, based on mass conservation. This relationship allows CO; to
scale concentrations by emission rates in spaceborne GHG monitoring simulations, such as Jongaramrungruang et al. (2022)
and Sanchez-Garcia et al. (2022).

Similar to Dumont Le Brazidec et al. (2024), the concentration map can is expressed as a linear combination of various

tracers, given by

N
I=onglog+ Y psiSilps i+ Qantn Lanth + €. )
i

Here Iy, I, ; and I, denote the background CO, concentration, CO5 from i-th of total IV point sources and CO2 from
other anthropogenic sources, respectively. apg, 0ps; and aanen denote the corresponding scaling factors. The emission rates
are scaled accordingly. s; denotes a binary switch variable for the i-th point source. The scaling factors and switching variables
are derived from random distributions.e denotes the observation noise, which is simplified as Gaussian noise.

We introduce three scaling factors, given by

o Chg o €ps,i o €anth

Obg = y Ops,i = y Xanth = —
T .

| bg| €ps,i €anth

3)

Here,

I,;| denote the mean concentration of the background COs tracer from the WRF-GHG output; ;¢ ; and €an¢n denote

the reference emission rate for the i-th point source and the non-point-source anthropogenic sources, respectively. chg, €ps.;
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Figure 2. Snapshots of synthesized observation by HGET across multiple footprints. Each map shows the deviation of XCO; from the

regional average (A X COg, in ppm). It is worth noting that A X CO- is only used for visualization purposes, while the inputs to GHGPSE-

il

Net are the original X CO2 values.

-2 0 2 4 6 8
AXCO, [ppm]

and e,y are random scalars drawn from several distributions. To account for the observed correlation between emissions and
background concentrations, as noted by such as Hakkarainen et al. (2016), c,g and ean¢n are sampled from their empirical joint
distribution, estimated using EDGAR emission data Janssens-Maenhout et al. (2019) and CarbonTracker X CO5 data Jacobson
et al. (2023) in global CO- hotspot area, specifically, 100 km x 100 km areas surrounding power plants emitting over 5 MtCOo
yr— 1. cpg is then adjusted to track the predicted global mean XCO under SSP1-2.6 (Meinshausen et al., 2020), i.e., the 2 °C
scenario of the Paris Agreement, spanning the full lifetime of the TanSat-2 mission. Each € ; is sampled from the major power
plants in the CARMA v3.0 inventory (Ummel, 2012). Finally, we introduce binary switch variables, s; ~ Bernoulli(p), where

N X pis the expectation of the quantities of power plants within the sampling area.
2.2 Deep neural network for GHG point source extraction (GHGPSE-Net)

A key goal of spaceborne GHG point source monitoring is the efficient and accurate detection, localization, and quantification
of emission sources. This is essential for source attribution (e.g., Rafiq et al., 2020) and for coordinating with other observa-

tional missions (e.g., Irakulis-Loitxate et al.,2022 and Chiba et al., 2019), particularly when the satellite spatial resolution is
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sparse. Traditional segmentation-based methods, however, cannot extract both source locations and emission rates automati-
cally from a single concentration map.

Over the past decade, the remote-sensing community has widely adopted the deep learning based object-detection tech-
niques, which focus on object localization and classification rather than pixel-wise segmentation (Zhang et al., 2023). There
are two main paradigms, anchor-based network and anchor-free network. The anchor-based networks, such as SSD (Liu et al.,
2016) and Mask R-CNN (He et al., 2017), predict bounding boxes directly. In contrast, anchor-free networks, such as Corner-
Net (Law and Deng, 2019) and CenterNet (Duan et al., 2019), extract object centers as key points. CenterNet, in particular,
generates a heatmap with peaks corresponding to object centers whose intensities represent attributes such as length, width and
orientation (Zhou et al., 2019).

Inspired by CenterNet (Duan et al., 2019), we propose GHGPSE-Net (shown in Fig.3), a CNN-based model that converts an
X CO4 concentration map into an emission heatmap composed of Gaussian kernels, as to mitigate human interventions. Source

locations and emission rates are then derived using Gaussian kernel fitting (GKF).
2.2.1 Deep learning model for heatmap prediction

We represent GHG point-source emissions as a heatmap generated by the summation of a series of two-dimensional Gaussian
kernels, serving as the neural network’s learning target. Each kernel’s center and amplitude correspond to the source location

and the emission rate. At pixel coordinate & = [x,y|”, the heatmap is given by

N
I(x) = a;Gi(x; ), “4)
i=1
where a; > 0 denotes the scale of the i-th kernel centered at p1; = [ i, MW]T. The Gaussian function G is given by
1(z—pi)" (2 — py
Gl ) = exp (—2( el 5)

where o defines the spatial extent.

We train a CNN deep learning model using supervised learning to infer emission heatmaps from X CO- concentration maps.
Deep neural network is a class of out-of-box machine learning algorithms, which has been mathematically proved to approx-
imate any continuous real function within a hypercube (Cybenko, 1989). A CNN primarily consists of convolutional layers,
activation functions, pooling layers and linear layers, allowing it to extract compact feature representations from complex,
sparse inputs. Popular image-to-image CNN architectures, such as UNet (Ronneberger et al., 2015) and HourglassNet (Newell
et al., 2016), preserve spatial resolution with output feature maps similar in size to the input images, making them suitable for
emission heatmap inference.

We select UNet as the CNN model. UNet features a symmetric encoder-decoder structure with skip connections (shown
in Fig.3), which preserves spatial information and enables multi-scale feature fusion. UNet has been proven effective for
spaceborne GHG plume segmentation tasks (Dumont Le Brazidec et al., 2023; Vaughan et al., 2024). To adapt the original
UNet from classification to heatmap prediction, the final softmax layer is replaced with a convolution layer. The UNet model

is implemented using the PyTorch framework (Paszke et al., 2019).
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Figure 3. Overview of the proposed GHGPSE-Net architecture. Point sources are represented by a heatmap generated using Gaussian kernels,

and a UNet is trained to predict this heatmap from the concentration map. Source locations and emission strengths are then inferred from

the predicted heatmap through Gaussian kernel fitting. The lower panel demonstrates the UNet design used in this work. The architecture of

UNet is visualized using PlotNeuralNet (Igbal, 2018).
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2.2.2 Gaussian kernel fitting

We infer source locations and emission rates by fitting predicted heatmaps using a Gaussian kernel function. Let the parameter

r,7 ,T T

vector be denoted as @ = [a”', ul, ) |", where a = [a1,az,...,an]"; o = [fte,1, 12,25 - o N] T

Sy = [y 15 Hy 255 Hy N
195 Let P denote the number of pixels and x,, denote the location of the pth pixel. We can then estimate the parameters 8 by fitting

the modeled image I to the heatmap I using constrained least squares, given by
0* = argming £(0;1,1), (6)
where the cost function is given by

P 2
5(0;1,1):Z(I(mp)ff(mp;e)) st a;>0. )

p=1
200 We transform the constrained problem into an unconstrained least squares formulation through a penalty term and solve it
using the BFGS method (Nocedal and Wright, 2006). The BFGS method is a quasi-Newton method that has the advantage
of not requiring expensive second-order derivative computations because it approximates the Hessian matrix, leading to faster
convergence. The estimated emission rates are adjusted by the ratio of local pressure to the average reference pressure in the

dataset. Implementation details are provided in the Supplement.
205 2.2.3 Experiment setup

The models are trained from scratch using supervised learning on 24,000 simulated observation snapshots for each instrument
scenario (Section 2.1.2), respectively. Each dataset is divided into training, validation, and testing sets in a 3:1:1 ratio. The
model is trained using the training sets, where the model weights are updated by minimizing the mean square error (MSE)
between the CNN-predicted and true heatmaps (modeled by Eq.4) using the Adam optimizer over 30 epochs, by which point
210 the loss has generally converged. The model with the lowest validation loss at each epoch is selected for final evaluation on
the test set. In the evaluation stage, the model not only predicts the heatmap but also generates source locations and emission

strengths using GKF. Evaluation details are described in Section 2.3.
2.3 Evaluation
2.3.1 WRF-GHG simulation evaluation

215 We evaluate the accuracy of our WRF-GHG simulation by comparing the meteorological variables and X CO4 against inde-
pendent observations. The modeled meteorological outputs, including temperature and wind, are compared against radiosonde
profiles from the Integrated Global Radiosonde Archive (IGRA) Version 2 (Durre et al., 2016) at Baoshan station, which locates
within the 0.5 km x 0.5 km innermost dimain of the WRF-GHG simulation (Fig.1). The simulated X CO,, is evaluated against
OCO-3 retrievals (v10.4r) in snapshot area maps (OCO-2/0OCO-3 Science Team et al., 2022). To avoid discrepancies in X CO2

220 caused by differences in vertical weighting methods, X CO are calculated using the modeled profiles, a priori profiles, and

10
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column averaging kernels from the OCO-3 standard product. This approach is used for the evaluation, following the method
described by Connor et al. (2008); Zheng et al. (2019), rather than the direct synthesis approach described in Section 2.1.2.
The accuracy is assessed using root mean square error (RMSE) to measure the overall error; and mean absolute error (MAE),

which is less sensitive to large anomalies compared to RMSE.
2.3.2 Source extraction evaluation

We evaluate the performance of the proposed GHGPSE-Net in three aspects, detection, localization and quantification. Firstly,
the predicted and ground-truth sources are paired by solving a linear sum assignment problem with Euclidean distance. Pairs
within 4 km are counted as true positives (I'P); the unmatched predictions are counted as false positives (F'P); and the
unmatched ground-truth sources are counted as false negatives (F'IV). The detection performance is then evaluated by precision,

recall and F3-score, given by

i TP _ TP _ 2T P
Precision = 7555, Recall = 75255, F1 = s7pimprrn - (8)

Secondly, for all true positives, we evaluate the Euclidean-distance errors as the localization accuracy with their mean and
median. Finally, we compare the predicted emission rates against the ground truth using the coefficient of determination (R?)
to evaluate the overall fitness; Pearson’s correlation coefficient (R) to evaluate linear correlation between predictions and actual

values, regardless of scale; RMSE, MAE and mean absolute percent error (MAPE) to quantify the errors.
2.3.3 Zero-shot generalization to SMARTCARB simulations and OCO-3 observations

We evaluate the zero-shot generalization of the proposed GHGPSE-Net on two independent datasets. The models are trained
using the synthetic datasets and evaluated using the following external datasets.

(1) OCO-3 SAM observations over U.S. power plants.

OCO-3 observations in SAM mode provides finer spatial resolution and denser coverage of large point sources, such as
power plants and urban areas, than its predecessor OCO-2 (Kiel et al., 2021), making it suited for quantifying CO, emissions
from large point sources globally (Yang et al., 2024; Lin et al., 2023). We use the emission inventory from the Clean Air
Markets Program Data (CAMPD) (EPA, 2021) as the ground truth. Discontinuous missing data points in OCO-3 sampling,
caused by cloud coverage or quality control, are filled using the mean value. From the OCO-3 dataset (OCO-2/0OCO-3 Science
Team et al., 2022), we select 9 observations covering 4 different power plants with clean backgrounds for evaluation.

(2) SMARTCARB simulations.

To supplement the relatively sparse OCO-3 observations, we also evaluate GHGPSE-Net on the SMARTCARB simulation
dataset (Kuhlmann et al., 2019b), which is generated using the Consortium for Small-scale Modelling (COSMO)-GHG model
rather than WRF-GHG. The SMARTCARB dataset provides one year of hourly X CO- simulations at 1.1 km spatial resolution,
covering Berlin and surrounding major power plants, where the emission rates are derived from the TNO-MACC II inventory
(Kuenen et al., 2014). We evaluate the source extraction performance of GHGPSE-Net using 998 snapshots covering major

power plants, including Boxberg, Jdnschwalde, Lippendorf, Schwarze Pumpe, and Turéw.
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2.4 Results
2.5 WRF-GHG simulation accuracy

First, we compare the WRF-GHG simulated temperature, wind speed, wind direction radiosonde profiles from IGRA v2.0. As
the dispersion tracers are largely confined to the planetary boundary layer (Al-Hemoud et al., 2019), we focus the comparison
of meteorological variables to near-surface conditions, approximated by the 1,000 hPa pressure level. As shown in Fig.4, the
WRF-GHG simulation demonstrates reasonable agreement with observations for most meteorological variables. Temperature
errors are mostly within £3 K, with an RMSE of 4.4 K and MAE of 3.2 K, indicating that the temperature is well reproduced by
WRF-GHG. Wind speed errors show an RMSE of 2.9 m ~! and MAE of 2.3 m !, suggesting that the WRF-GHG effectively
captures wind magnitude. Wind direction errors, however, exhibit larger discrepancies, with an RMSE of 82.49° and an MAE
of 62.98°, reflecting notable discrepancies with observations. For dew point temperature, the RMSE and MAE are 7.3 K and

5.6 K, respectively, demonstrating moderate accuracy in representing atmospheric moisture conditions.

Figure 4. Residual distribution of meteorological variables generated by WRF-GHG compared to IGRA v2.0 measurements at Baoshan
station. In each boxplot, the orange dash denotes the median, the box denotes the range between the lower and upper quartiles, the whiskers

extend from the box by 1.5 times the interquartile range (IQR), and the circles denote the outliers.
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Second, we assess WRF-GHG’s capability to model X CO4 against OCO-3 retrievals. As shown in Fig.5, there are three
clear-sky OCO-3 passes above Shanghai ( Feb 20, Feb 24, and Apr 23, 2020, UTC) within the simulation running time range,
with a total of 1326 retrieval samplings. In general, the WRF-GHG model well reproduces OCO-3 observed X CO2 with an
RMSE of 1.58 ppm, MAE of 1.16 ppm, and Pearson’s R of 0.75. A small subset of points, most of which are located downwind
of urban or heavy-industry sources during the 20 Feb and 23 Apr passes, exhibit absolute errors > 3 ppm (Supplement), while

the majority of the remaining samples fall within =1 ppm.
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Figure 5. Comparison between X CO2 simulated by WRF-GHG and that retrieved from OCO-3 observations. The observation timestamps

are provided in UTC.
Feb 20, 2020 Feb 24, 2020 Apr 23, 2020
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2.6 Overall evaluations of the proposed method

We evaluate the influence of Gaussian kernel fitting (GKF) and the choice of kernel size (o) on the performance of the pro-
posed GHGPSE-Net. Experiments are conducted using the HGET instrument dataset of Table 2. We compare the extraction
performance of the GHGPSE-Net with GKF and without GKF, where the sources are extracted from the local peaks of the
heatmap as described in Section 2.2.2. Additionally, we also compare the performance over kernel sizes, both with and without
GKF.

As shown in Fig.6, when the kernel size matches the instrument’s spatial resolution (500 m) and GKF is applied, the model
achieves its best overall performance. Qualification metrics reach maximum with a Pearson’s R of 0.99, R? 0of 0.98, RMSE of
89.9 tCO, hr~ !, MAE of 57.7 tCO, hr—!, and MAPE of 0.05. Detection metrics reach peak with precision of 0.98, recall of
0.95, and F-score of 0.96, indicating that most point sources are correctly detected and accurately quantified. Deviating from
500 m, both quantification and detection performance deteriorate, with quantification metrics beginning to regrow at o above
1500 m. Applying GKF brings a slight improvement in quantification at the small o cases, where the R? improves from 0.36
to 0.54, and RMSE decreases from 556.6 to 473.4 tCO5 hr—!. Detection metrics are not sensitive to the GKF procedure.

We further investigate the influence on localization of GKF and kernel size. As shown in Fig.7, small kernel size improves
locating accuracy. Moreover, GKF largely reduces the locating errors, where the mean error decreases from 199.5 m to 61.4 m,
and the median error from 200.1 m to 49.7 m. These errors are well below the 500 m spatial resolution, indicating the model is

capable of subpixel-level source localization.
2.7 Comparative assessment of different instrument configurations

We evaluate the performance of GHGPSE-Net across various instrument configurations, including low-noise (1.5 ppm) and

high-noise (3 ppm) retrieval scenarios for HGET onboard TanSat-2, as well as the UCPI instrument, dedicated to GHG point
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Figure 6. Scatter plots comparing GHGPSE-Net under various settings. Each plot shows results from experiments with (top row) and

without (bottom row) the Gaussian kernel fitting (GKF) process, across different kernel sizes (6=250, 500, 750, and 1500 m from left to

right). Predicted emissions are plotted against true emissions. Each plot includes quantification performance metrics, including Pearson’s R,

R2, RMSE, MAE, and MAPE, as well as detection indicators, including precision, recall, and F' -score.
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source monitoring. We also test the model on simulated observations with spatial resolution and retrieval noise matching those

of OCO-3, which is widely used for global point source monitoring. The following experiments are conducted with the GKF

process.

As shown in Table 3, GHGPSE-Net achieves best performance in detection, localization, and quantification with the low-

noise HGET configuration. In comparison, the UCPI scenario shows degraded performance, with localization errors increasing

nearly four times and quantification errors increasing to 2.6-2.8 times. The performances also deteriorate under higher retrieval

noise for both instruments. Notably, the HGET-3ppm case performs worse than UCPI-3ppm in recall (0.54 vs. 0.63) and
quantification (0.50 vs. 0.72 in R? and 0.28 vs.0.21 in MAPE), indicating that while HGET benefits from its fine spatial

resolution, it is more sensitive to uncorrelated Gaussian noise. Although OCO-3 has retrieval noise comparable to UCPI and

features a smaller ground pixel area, UCPI achieves better performance in both localization and quantification. This suggests

that the smaller pixel area of OCO-3 does not compensate for the limitations brought by its narrow shape pixel with a longer

along-track dimension.
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Figure 7. Distribution of locating errors for GHGPSE-Net under different settings. Each curve represents the normalized probability density
function (PDF) for a specific experiment, scaled to the overall maximum value. Panel (a) shows results with the Gaussian kernel fitting (GKF)
process, while panel (b) shows results without GKF.
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Table 3. Performance comparison of GHGPSE-Nets on different instrument configurations.

Detection Localization Quantification
Instrument
Precision Recall Fij-score Mean® Median® Pearson’s R R? RMSE? MAE® MAPE

HGET 0.98 0.95 0.96 61.4 49.7 0.99 0.98 89.9 57.7 0.05
HGET-3ppm 0.82 0.54 0.65 315.8 225.7 0.84 0.50 493.4 372.5 0.28
UCPI 0.83 0.77 0.80 227.3 182.4 0.95 0.88 249.8 147.2 0.13
UCPI-3ppm 0.60 0.64 0.62 472.7 256.6 0.89 0.72 405.0 256.1 0.21
0CO-3 0.81 0.81 0.81 417.6 266.5 0.91 0.8 311.2 180.7 0.16

@ with unit [m]. ® with unit [tCO2 hr—1].
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2.8 Generalization evaluation using SMARTCARB dataset and OCO-3 observation

We first evaluated the impact of data augmentation on the generalization on the model’s generalization performance. Com-
pared to the baseline GHGPSE-Net with augmentation, the model trained without augmentation demonstrates substantial
performance decline, where the recall decreases from 0.95 to 0.09, the mean location error inceases from 61.4 m to 310.2 m,
and quantification RMSE increases from 89.9 tCO, hr—! to 1072.7 tCO, hr~! (Supplement).

To further assess the generalization capability of GHGPSE-Net trained on spatially and temporally limited simulations,
we evaluate its performance on the SMARTCARB dataset of Berlin, simulated by COSMO-GHG, as well as on OCO-3
observations of power plants in the U.S. For the SMARTCARAB case, the model is trained on synthesized observations of
the UCPI scenario, but with a lower noise level (standard deviation of 0.7 ppm) to match the SMARTCARB dataset. For the
0OCO-3 cases, the model is trained using datasets of the OCO-3 scenario.

As shown in Fig.8, the GHGPSE-Net exhibits considerable generalization on the SMARTCARB dataset. In terms of de-
tection performance, the model achieves a precision of 0.86, which is comparable to its performance on the UCPI scenario.
However, the recall and F-score are only 0.48 and 0.62, respectively, indicating notable mis-detections. For localization ac-
curacy, the mean and median errors are 1.80 km and 1.49 km, respectively. These values surpass those obtained when testing
on the WRF-GHG dataset, yet they remain smaller than the 2 km ground pixel size of the input data, which is enough for
providing meaningful spatial locations for joint observation missions. The quantification performance is less robust, with a
Pearson’s R of 0.26, RMSE of 2.4 ktCO, hr~!, and MAPE of 0.77. Among the five power plant cases, the model achieves best
performance at the Jinschwalde case, with mean reported and predicted emission rates of 4.4 ktCO, hr~! and 4.5 ktCO, hr 1,
respectively. However, the model tends to overestimate emissions at the other four plants, which have comparatively lower
emission rates than Jianschwalde, with an MAE of 1.2 to 1.6 ktCO- hr—!. Further analysis on noise-free SMARTCARB data
using GHGPSE-Net trained without noise indicates that the different noise pattern is not the major factor contributing to the
undesirable quantification performance, as the quantification performance remains largely unchanged, with a Pearson’s R of
0.28, RMSE of 2.5 ktCO hr~!, and MAPE of 0.81.

Among the OCO-3 observations, GHGPSE-Net achieves a detection precision of 0.60 with a mean localization error of 2.47
km. We compare the estimated emissions with those reported by the EPA CAMPD inventory. Table 4 shows the identified
power plants, including Colstrip, Four Corners Steam Electric Station, and Oak Grove. The overall quantification agrees well
with the inventory, with a Pearson’s R of 0.89, MAPE of 0.31, RMSE of 0.43 ktCO- hr—!, and MAE of 0.37 ktCO, hr—!. At
Colstrip, there are five observations with estimations agree well with the EPA inventory, with an RMSE of 0.52 ktCO4 hr1. At
Four Corners Steam Electric Station, there are two observations with an RMSE of 0.20 ktCO5 hr—1. On April 27,2022, a single
OCO-3 overpass covers both Oak Grove and Twin Oaks, with quantification errors of 0.39 and 0.22 ktCO, hr—!, respectively.

3 Discussions and Conclusion

In this study, we proposed GHGPSE-Net, a deep learning model designed to simultaneously identify the locations and quantify

emission rates of GHG point sources. To train and evaluate the model, we modeled the atmospheric CO transport using
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Figure 8. Violin plot illustrating GHGPSE-Net’s emission quantification performance across five major power plants from the SMARTCARB
dataset. Each violin represents the distribution of predicted emissions. The lines extended to show +1c uncertainty with markers at their
mean value. The red lines indicate the Ground-truth values from the TNO-MACC II inventory, while the black lines represent GHGPSE-Net’s

predictions The overall performances of quantification detection and localization are summarized within the panel.

- True
A Pred
14 4 Pearson's R: 0.26

RMSE: 2.40

MAE: 1.82

MAPE: 0.77

12 1 Precision: 0.86
— Recall: 0.48
T Fl-score: 0.62
< 101 Mean Loc err [km]: 1.80
o) Median Loc err [km]: 1.49
O
2
0 87
©
C
(o]
@ 61
R}
LIEJ 45+2.5
Dx2.
A7 410.6
4 3.7+2.0 3.6+1.9
2.6+1.4 24+1.p
2.5+0.3
21 2.0+0.2
1.1+0.1 11+0.1

goxberd ‘.é nSChWa\de \_'\Ppendorfschwafze pumpe  urow

335 WRF-GHG and synthesized pseudo-observations with different instrumental configurations. The simulations were evaluated

340

345

using IGRA and OCO-3 measurements, which demonstrate considerable agreement with observations. We comprehensively
evaluated GHGPSE-Net’s performance on GHG point source extraction from detection, localization, and quantification. For
the proposed method, the impact of Gaussian kernel fitting and the choice of kernel size selection was first assessed. We then
analyzed model performance under various idealized instrument configurations. Finally, we assess the model’s generalization
capabilities using simulations from SMARTCARB and spaceborne observations from OCO-3.

In general, the WRF-GHG model effectively simulated the atmospheric transport of CO4 over Shanghai, providing a reliable
synthetic dataset for training deep learning models to extract emission source. Overall, The comparison of meteorological
variables against radiosonde data suggests that the WRF-GHG model provides a robust and reliable simulation of atmospheric
transport conditions, with RMSE of 4.4 K for temperature, 2.9 m s~ ! for wind speed, 82.5° for wind direction and 7.3 K for

dew point temperature. Here, we mainly focus on the evaluation of the lower troposphere. The influence of upper-tropospheric
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Table 4. The estimated emission of identified power plants over the U.S.

EPA reported emission  Estimated emission

Power plant Longitude Latitude Observation date (UTC)
(ktCO2 hr™1) (ktCO2 hr™ 1)
2022-07-29 1.37 1.34
2022-08-13 1.43 0.71
Colstrip -106.61 45.88 2022-08-30 1.42 2.09
2022-10-09 1.46 1.92
2022-10-18 2.15 2.59
Four Corners Steam 2020-08-01 0.44 0.56
-108.48 36.69

Elec Station 2022-05-04 0.71 0.46
Oak Grove -96.49 31.18 2022-04-27 1.71 2.10
Twin Oaks -96.70 31.09 2022-04-27 0.35 0.13

atmospheric dynamics on anthropogenic CO» transport is limited, as most emissions remain within the PBL (Al-Hemoud
et al., 2019), where the meteorological conditions is well reproduced by WRF-GHG. The near-surface wind direction may
be affected by complex terrain effects and exhibits high uncertainty, the model still captures the general direction of the COq
plume at larger spatial scales. The results of WRF-GHG model agree well with OCO-3, particularly for the background field.
The discrepancies are mainly observed downwind of major emission sources, indicating possible inaccuracies in the emission
inventory. Comprehensive evaluations of the simulation accuracy, particularly its diurnal behavior, will require continuous CO2
observations, which are currently unavailable in this study.

Based on the synthetic dataset, we evaluated the performance of the proposed deep learning method for greenhouse gas
point source extraction (GHGPSE-Net), as well as quantify the impact of model design choices. GHGPSE-Net demonstrated
strong performance in source detection (F-score of 0.96), localization (mean error of 12.3% of pixel size), and quantification
(Pearson’s R of 0.99) in the baseline experiment. The Gaussian kernel size in the heatmap label generation and fitting has
a significant impact on the model’s performance. A kernel that is too wide tends to blur local features, reducing detection
accuracy, while a kernel size that is too narrow tends to bring in overly localized gradients, hindering parameter updates in
training. Our experiments indicate that the optimal performance is achieved when the kernel size closely matches the pixel size.
The Gaussian kernel fitting (GKF) module, implemented using least-squares optimization and concatenated after the UNet, also
plays an important role in GHGPSE-Net. While its impact on detection is limited, it improves quantification moderately (24.0%
reduction in RMSE compared to without GKF for the o = 500 m baseline case) and increases the localization performance
substantially (69.2% reduction in RMSE for the same case). By incorporating global context from the predicted heatmap, the
GKF module increases robustness to anomalies and spurious peaks, particularly when using a smaller kernel size.

We evaluated GHGPSE-Net over various instrument configurations with different pixel size and retrieval error. In general,
finer pixel resolution yields better performance for point source monitoring, which contributes to capture plume shapes and

provides more sptial context for inference. However, finer pixel resolution is also more subjected to increasing retrieval noise.
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It is also worth noting that, in practice, the observation noise may deviate from Gaussian assumptions (Jongaramrungruang
et al., 2022; Radman et al., 2023), as it is mainly driven by illumination conditions including solar zenith and surface albedo.
This requires more sophisticated noise modeling, such as the parameterized approach by Kuhlmann et al. (2019b).

We proposed a data augmentation strategy by scaling X CO- from different tracers to better accommodate real-world dis-
tributions beyond the original simulation domain and time range. The scaling factors reflect more realistic patterns, including
future trend, power plant density, correlation between background X CO5 and anthropogenic emissions, etc, extending from
previous strategies such as Dumont Le Brazidec et al. (2024). Models trained without augmentation demonstrate poor source
extraction ability due to a significant mismatch between training and test data. In contrast, GHGPSE-Net trained with aug-
mentation demonstrates considerable generalization to both the SMARTCARB simulation and OCO-3 observations. On the
SMARTCARB case, GHGPSE-Net achieves high precision (0.86) but moderate recall (0.48), suggesting it can reliably iden-
tify strong sources but may miss weaker sources, which is further confirmed by the quantification performance. These results
also reveal notable discrepancies between simulation datasets. One possible explanation is the more realistic vertical emission
profiles used in SMARTCARB (Kuhlmann et al., 2019b; Brunner et al., 2019), which are simplified as surface emissions in this
work due to the lack of these profiles. This simplification may underestimate the role of emissions entering the free troposphere,
which can form new plume shapes with different orientations from those in the PBL(Brunner et al., 2023), potentially leading
to false detections (Supplement). On the OCO-3 case, the quantification results generally agree with the inventory (Pearson’s R
of 0.89, MAPE of 0.31), indicating the model demonstrates considerable generalization to real satellite observations. However,
due to the discontinuous coverage of OCO-3, very few samples are identified with point sources. Further evaluation using con-
tinuous and large-scale X CO2 measurements from upcoming missions such as TanSat-2, CO2M, and GOSAT-GW is needed
to fully assess the model’s performance in real applications.

In this study, we propose GHGPSE-Net, a deep learning model for simultaneous localization and quantification of GHG point
sources. Synthetic datasets generated by WRF-GHG are constructed for training and evaluation. A data augmentation strategy
is also proposed to improve the model generalization to diverse datasets. Evaluations demonstrate the model can achieve
accurate detection, localization and quantification for GHG point sources. The results demonstrate the potential of GHGPSE-
Net to contribute to fully automated spaceborne GHG point source monitoring, supporting swift detection, assessment and
response to abnormal emission events. Future work could apply GHGPSE-Net to high-resolution methane monitoring tasks,
trained with large eddy simulation (LES) (Jongaramrungruang et al., 2022; Radman et al., 2023) or real satellite observations
(Schuit et al., 2023). Further research may explore using raw radiance as inputs, such as Joyce et al. (2023); Rdzicka and
Markham (2024); Marjani et al. (2024), for more compact and efficient model designs. Ongoing efforts should also consider
the impact of cloud cover and explore the integration of NO2 observations as auxililary inputs (Dumont Le Brazidec et al.,

2024).

Code availability. The codes used in this work are available at https://doi.org/10.5281/zenodo.16751293. The WRF code is publicly available
at https://github.com/wrf-model/WRF/releases
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Data availability. The 2D snapshots generated from WRF-GHG outputs are available at https://doi.org/10.5281/zenodo.16751293. The
NCEP-FNL reanalysis meteorological data are publicly available at https://www.nco.ncep.noaa.gov/pmb/products/gfs/ (National Centers
for Environmental Prediction et al., 2015). The Carbon Tracker profiles are publicly available at https://gml.noaa.gov/ccgg/carbontracker/
(Jacobson et al., 2023). The CoCO2 inventory is publicly available at https://www.coco2-project.eu/index.php/data-portal (Guevara et al.,
405 2024). The EDGAR inventory is publicly available at https://edgar.jrc.ec.europa.eu/dataset_ghg2024 (Janssens-Maenhout et al., 2019). The
GONGGA flux inversion dataset is publicly available at https://zenodo.org/records/8368846 (Jin et al., 2024). The CARMA inventory is
publicly available at https://www.cgdev.org/topics/carbon-monitoring-action (Ummel, 2012). The IGRA v2.0 radiosonde profiles are pub-
licly available at https://www.ncei.noaa.gov/products/weather-balloon/integrated- global-radiosonde-archive (Durre et al., 2016). The OCO-3
retrievals (v10.4r) are publicly available at https://disc.gsfc.nasa.gov/ (OCO-2/OCO-3 Science Team et al., 2022). The SMARTCARB simu-
410 lations are publicly available at https://zenodo.org/records/4034266 (Kuhlmann et al., 2019b, 2020).

Author contributions. YP and GL conceptualized the GHGPSE-Net. YP, GL, and DH designed the experiments and analyzed the data. YP
designed the code, performed the experiments, and visualized the results. LT coordinated the computational resources. GL, SG supervised

the project. YP and GL composed the original draft. All authors reviewed and edited the manuscript.
Competing interests. The contact author has declared that none of the authors has any competing interests.

415  Financial support. This research has been supported by the National Key Research and Development Program of China (grant no. 2022YFB3904800).

20



420

425

430

435

440

445

450

https://doi.org/10.5194/egusphere-2025-3631
Preprint. Discussion started: 18 August 2025 EG U
sphere

(© Author(s) 2025. CC BY 4.0 License.

References

Al-Hemoud, A., Al-Sudairawi, M., Al-Rashidi, M., Behbehani, W., and Al-Khayat, A.: Temperature Inversion and Mixing Height: Critical
Indicators for Air Pollution in Hot Arid Climate, Natural Hazards, 97, 139155, https://doi.org/10.1007/s11069-019-03631-2, 2019.

Beck, V., Thomas, K., Kretschmer, R., Marshall, J., Ahmadov, R., Gerbig, C., Pillai, D., and Heimann, M.: The WRF Greenhouse Gas Model
(WRF-GHG), Tech. rep., Max-Planck-Institut fiir Biogeochemie 25, 2011.

Bisht, J. S. H., Patra, P. K., Takigawa, M., Kanaya, Y., Yamaguchi, M., Machida, T., and Tanimoto, H.: CO2 High-
Resolution Simulation Using WRF-GHG over the Kanto Region in Japan, ESS Open Archive eprints, 941, essoar.168626 399,
https://doi.org/10.22541/ess0ar.168626399.94131688/v1, 2023.

Bovensmann, H., Buchwitz, M., Burrows, J. P., Reuter, M., Krings, T., Gerilowski, K., Schneising, O., Heymann, J., Tretner, A., and Erzinger,
J.: A Remote Sensing Technique for Global Monitoring of Power Plant CO, Emissions from Space and Related Applications, Atmospheric
Measurement Techniques, 3, 781-811, https://doi.org/10.5194/amt-3-781-2010, 2010.

Brunner, D., Kuhlmann, G., Marshall, J., Clément, V., Fuhrer, O., Broquet, G., Loscher, A., and Meijer, Y.: Accounting for the Vertical Distri-
bution of Emissions in Atmospheric CO, Simulations, Atmospheric Chemistry and Physics, 19, 4541-4559, https://doi.org/10.5194/acp-
19-4541-2019, 2019.

Brunner, D., Kuhlmann, G., Henne, S., Koene, E., Kern, B., Wolff, S., Voigt, C., Jockel, P., Kiemle, C., Roiger, A., Fiehn, A., Krautwurst, S.,
Gerilowski, K., Bovensmann, H., Borchardt, J., Galkowski, M., Gerbig, C., Marshall, J., Klonecki, A., Prunet, P., Hanfland, R., Pattantyus-
Abrahdm, M., Wyszogrodzki, A., and Fix, A.: Evaluation of Simulated CO, Power Plant Plumes from Six High-Resolution Atmospheric
Transport Models, Atmospheric Chemistry and Physics, 23, 2699-2728, https://doi.org/10.5194/acp-23-2699-2023, 2023.

Calvo Buendia, E., Tanabe, K., Kranjc, A., Baasansuren, J., Fukuda, M., Ngarize, S., Osako, A., Pyrozhenko, Y., Shermanau, P., and Federici,
S.: 2019 Refinement to the 2006 IPCC Guidelines for National Greenhouse Gas Inventories, Intergovernmental Panel on Climate Change,
ISBN 978-4-88788-232-4, 2019.

Chen, C., Fan, M., Wang, Z., Liang, M., Tao, J., and Chen, L.: MPSUNet: A Deep Learning-Based Segmentation Framework for Methane
Plume Detection With Space-Based Hyperspectral and Multispectral Imagery, IEEE Transactions on Geoscience and Remote Sensing,
63, 1-15, https://doi.org/10.1109/TGRS.2025.3563599, 2025a.

Chen, W., Ren, T., Zhao, C., Wen, Y., Gu, Y., Zhou, M., and Wang, P.: Transformer-Based Fast Mole Fraction of CO, Retrievals from
Satellite-Measured Spectra, Journal of Remote Sensing, 5, 0470, https://doi.org/10.34133/remotesensing.0470, 2025b.

Chiba, T., Haga, Y., Inoue, M., Kiguchi, O., Nagayoshi, T., Madokoro, H., and Morino, I.: Measuring Regional Atmospheric CO2 Concen-
trations in the Lower Troposphere with a Non-Dispersive Infrared Analyzer Mounted on a UAV, Ogata Village, Akita, Japan, Atmosphere,
10, 487, https://doi.org/10.3390/atmos 10090487, 2019.

Connor, B. J., Boesch, H., Toon, G., Sen, B., Miller, C., and Crisp, D.: Orbiting Carbon Observatory: Inverse Method and Prospective Error
Analysis, Journal of Geophysical Research: Atmospheres, 113, https://doi.org/10.1029/2006JD008336, 2008.

Crippa, M., Guizzardi, D., Pisoni, E., Solazzo, E., Guion, A., Muntean, M., Florczyk, A., Schiavina, M., Melchiorri, M., and Hutfilter,
A. F.: Global Anthropogenic Emissions in Urban Areas: Patterns, Trends, and Challenges, Environmental Research Letters, 16, 074 033,
https://doi.org/10.1088/1748-9326/ac00e2, 2021.

Crisp, D., O’Dell, C., Eldering, A., Fisher, B., Oyafuso, F., Payne, V., Drouin, B., Toon, G., Laughner, J., Somkuti, P., McGarragh, G.,
Merrelli, A., Nelson, R., Gunson, M., Frankenberg, C., Osterman, G., Boesch, H., Brown, L., Castano, R., Christi, M., Connor, B.,

21



455

460

465

470

475

480

485

https://doi.org/10.5194/egusphere-2025-3631
Preprint. Discussion started: 18 August 2025 G
© Author(s) 2025. CC BY 4.0 License. E U Sp here

McDuffie, J., Miller, C., Natraj, V., O’Brien, D., Polonski, I., Smyth, M., Thompson, D., and Granat, R.: LEVEL 2 FULL PHYSICS
ALGORITHM Theoretical Basis Document, Tech. rep., 2021.

Cybenko, G.: Approximation by Superpositions of a Sigmoidal Function, Mathematics of Control, Signals and Systems, 2, 303-314,
https://doi.org/10.1007/BF02551274, 1989.

Duan, K., Bai, S., Xie, L., Qi, H., Huang, Q., and Tian, Q.: CenterNet: Keypoint Triplets for Object Detection, in: 2019 IEEE/CVF Interna-
tional Conference on Computer Vision (ICCV), pp. 6568-6577, ISSN 2380-7504, https://doi.org/10.1109/ICCV.2019.00667, 2019.

Dumont Le Brazidec, J., Vanderbecken, P., Farchi, A., Bocquet, M., Lian, J., Broquet, G., Kuhlmann, G., Danjou, A., and Lauvaux, T.:
Segmentation of XCO, Images with Deep Learning: Application to Synthetic Plumes from Cities and Power Plants, Geoscientific Model
Development, 16, 3997-4016, https://doi.org/10.5194/gmd-16-3997-2023, 2023.

Dumont Le Brazidec, J., Vanderbecken, P., Farchi, A., Broquet, G., Kuhlmann, G., and Bocquet, M.: Deep Learning Applied to
CO; Power Plant Emissions Quantification Using Simulated Satellite Images, Geoscientific Model Development, 17, 1995-2014,
https://doi.org/10.5194/gmd-17-1995-2024, 2024.

Durand, Y., Courreges-Lacoste, G. B., Pachot, C., Fernandez, M. M., Cabezudo, D. S., Fernandez, V., Lesschaeve, S., Spilling, D., Dus-
saux, A., Serre, D., Komadina, J., t¢ Hennepe, F., and Pasquet, A.: Copernicus CO2M: Status of the Mission for Monitoring Anthro-
pogenic Carbon Dioxide from Space, in: International Conference on Space Optics — ICSO 2022, vol. 12777, pp. 1936-1950, SPIE,
https://doi.org/10.1117/12.2690839, 2023.

Duren, R. M., Thorpe, A. K., Foster, K. T., Rafiq, T., Hopkins, F. M., Yadav, V., Bue, B. D., Thompson, D. R., Conley, S., Colombi, N. K.,
Frankenberg, C., McCubbin, 1. B., Eastwood, M. L., Falk, M., Herner, J. D., Croes, B. E., Green, R. O., and Miller, C. E.: California’s
Methane Super-Emitters, Nature, 575, 180—184, https://doi.org/10.1038/s41586-019-1720-3, 2019.

Durre, 1., Yin, X., Vose, R. S., Applequist, S., Arnfield, J., Korzeniewski, B., and Hundermark, B.: Integrated Global Radiosonde Archive
(IGRA), Version 2, https://doi.org/10.7289/V5X63K0Q, 2016.

Eldering, A., Taylor, T. E., O’Dell, C. W., and Pavlick, R.: The OCO-3 Mission: Measurement Objectives and Expected Performance Based
on 1 Year of Simulated Data, Atmospheric Measurement Techniques, 12, 2341-2370, https://doi.org/10.5194/amt-12-2341-2019, 2019.

EPA: Clean Air Markets Program Data (CAMPD), 2021.

Fan, M., Chen, L., Tian, L., Yang, D., Huiqin, M., Chen, Tao, J., Jiang, F,, Liu, L., Zhang, M., Liu, L., Yin, Z., Chen, C., Wang, J., Yao, L.,
Du, S., Yu, C., Zhang, Y., Hu, D., Zhou, G., Kong, Y., and Wu, W. U.: Requirements and Design of TanSat-2 Mission, National Remote
Sensing Bulletin, null, 1-12, https://doi.org/10.11834/jrs.20255080, 2025.

Frankenberg, C., Platt, U., and Wagner, T.: Iterative Maximum a Posteriori IMAP)-DOAS for Retrieval of Strongly Absorbing Trace Gases:
Model Studies for CH4 and CO2 Retrieval from near Infrared Spectra of SCIAMACHY Onboard ENVISAT, Atmospheric Chemistry and
Physics, 5, 9-22, https://doi.org/10.5194/acp-5-9-2005, 2005.

Galli, A., Guerlet, S., Butz, A., Aben, I, Suto, H., Kuze, A., Deutscher, N. M., Notholt, J., Wunch, D., Wennberg, P. O., Griffith, D. W. T,,
Hasekamp, O., and Landgraf, J.: The Impact of Spectral Resolution on Satellite Retrieval Accuracy of CO, and CH4, Atmospheric
Measurement Techniques, 7, 1105-1119, https://doi.org/10.5194/amt-7-1105-2014, 2014.

Guanter, L., Irakulis-Loitxate, 1., Gorrono, J., Sanchez-Garcia, E., Cusworth, D. H., Varon, D. J., Cogliati, S., and Colombo, R.: Map-
ping Methane Point Emissions with the PRISMA Spaceborne Imaging Spectrometer, Remote Sensing of Environment, 265, 112671,
https://doi.org/10.1016/j.rse.2021.112671, 2021.

22



490

495

500

505

510

515

520

525

https://doi.org/10.5194/egusphere-2025-3631
Preprint. Discussion started: 18 August 2025 EG U
sphere

(© Author(s) 2025. CC BY 4.0 License.

Guevara, M., Enciso, S., Tena, C., Jorba, O., Dellaert, S., Denier van der Gon, H., and Pérez Garcia-Pando, C.: A Global Catalogue of CO,
Emissions and Co-Emitted Species from Power Plants, Including High-Resolution Vertical and Temporal Profiles, Earth System Science
Data, 16, 337-373, https://doi.org/10.5194/essd-16-337-2024, 2024.

Hakkarainen, J., Ialongo, I., and Tamminen, J.: Direct Space-Based Observations of Anthropogenic CO2 Emission Areas from OCO-2,
Geophysical Research Letters, 43, 11,400-11,406, https://doi.org/10.1002/2016GL070885, 2016.

He, K., Gkioxari, G., Dollar, P., and Girshick, R.: Mask R-CNN, in: 2017 IEEE International Conference on Computer Vision (ICCV), pp.
29802988, https://doi.org/10.1109/ICCV.2017.322, 2017.

He, Z., Gao, L., Liang, M., and Zeng, Z.-C.: A Survey of Methane Point Source Emissions from Coal Mines in Shanxi Province of China
Using AHSI on Board Gaofen-5B, Atmospheric Measurement Techniques, 17, 2937-2956, https://doi.org/10.5194/amt-17-2937-2024,
2024.

Igbal, H.: HarisIgbal88/PlotNeuralNet v1.0.0, Zenodo, https://doi.org/10.5281/zenodo.2526396, 2018.

Irakulis-Loitxate, 1., Guanter, L., Maasakkers, J. D., Zavala-Araiza, D., and Aben, I.: Satellites Detect Abatable Super-
Emissions in One of the World’s Largest Methane Hotspot Regions, Environmental Science & Technology, 56, 2143-2152,
https://doi.org/10.1021/acs.est.1c04873, 2022.

Jacobson, A. R., Schuldt, K. N., Tans, P., Arlyn Andrews, Miller, J. B., Oda, T., Mund, J., Weir, B., Ott, L., Aalto, T., Abshire, J. B., Aikin,
K., Aoki, S., Apadula, F., Arnold, S., Baier, B., Bartyzel, J., Beyersdorf, A., Biermann, T., Biraud, S. C., Boenisch, H., Brailsford, G.,
Brand, W. A., Chen, G., Huilin Chen, Lukasz Chmura, Clark, S., Colomb, A., Commane, R., Conil, S., Couret, C., Cox, A., Cristofanelli,
P, Cuevas, E., Curcoll, R., Daube, B., Davis, K. J., De Wekker, S., Coletta, J. D., Delmotte, M., DiGangi, E., DiGangi, J. P, Di Sarra,
A. G., Dlugokencky, E., Elkins, J. W., Emmenegger, L., Shuangxi Fang, Fischer, M. L., Forster, G., Frumau, A., Galkowski, M., Gatti,
L. V., Gehrlein, T., Gerbig, C., Francois Gheusi, Gloor, E., Gomez-Trueba, V., Goto, D., Griffis, T., Hammer, S., Hanson, C., Haszpra, L.,
Hatakka, J., Heimann, M., Heliasz, M., Hensen, A., Hermansen, O., Hintsa, E., Holst, J., Ivakhov, V., Jaffe, D. A., Jordan, A., Joubert,
W., Karion, A., Kawa, S. R., Kazan, V., Keeling, R. F., Keronen, P., Kneuer, T., Kolari, P., Katefina Kominkova, Kort, E., Kozlova, E.,
Krummel, P., Kubistin, D., Labuschagne, C., Lam, D. H., Lan, X., Langenfelds, R. L., Laurent, O., Laurila, T., Lauvaux, T., Lavric, J.,
Law, B. E., Lee, J., Lee, O. S., Lehner, L., Lehtinen, K., Leppert, R., Leskinen, A., Leuenberger, M., Levin, L., Levula, J., Lin, J., Lindauer,
M., Loh, Z., Lopez, M., Luijkx, I. T., Lunder, C. R., Machida, T., Mammarella, 1., Manca, G., Manning, A., Manning, A., Marek, M. V.,
Martin, M. Y., Matsueda, H., McKain, K., Meijer, H., Meinhardt, F., Merchant, L., N. Mihalopoulos, Miles, N. L., Miller, C. E., Mitchell,
L., Molder, M., Montzka, S., Moore, F., Moossen, H., Morgan, E., Josep-Anton Morgui, Morimoto, S., Miiller-Williams, J., J. William
Munger, Munro, D., Myhre, C. L., Shin-Ichiro Nakaoka, Jaroslaw Necki, Newman, S., Nichol, S., Niwa, Y., Obersteiner, E., O’Doherty,
S., Paplawsky, B., Peischl, J., Peltola, O., Piacentino, S., Jean-Marc Pichon, Pickers, P., Piper, S., Pitt, J., Plass-Diilmer, C., Platt, S. M.,
Prinzivalli, S., Ramonet, M., Ramos, R., Reyes-Sanchez, E., Richardson, S. J., Riris, H., Rivas, P. P,, Ryerson, T., Saito, K., Sargent, M.,
Sasakawa, M., Scheeren, B., Schuck, T., Schumacher, M., Seifert, T., Sha, M. K., Shepson, P., Shook, M., Sloop, C. D., Smith, P., Stanley,
K., Steinbacher, M., Stephens, B., Sweeney, C., Thoning, K., Timas, H., Torn, M., Tgrseth, K., Trisolino, P., Turnbull, J., Van Den Bulk,
P., Van Dinther, D., Vermeulen, A., Viner, B., Vitkova, G., Walker, S., Watson, A., Wofsy, S. C., Worsey, J., Worthy, D., Dickon Young,
Zaehle, S., Zahn, A., and Miroslaw Zimnoch: CarbonTracker CT2022, https://doi.org/10.25925/7Z1GJ-3254, 2023.

Janssens-Maenhout, G., Crippa, M., Guizzardi, D., Muntean, M., Schaaf, E., Dentener, F., Bergamaschi, P., Pagliari, V., Olivier, J. G. J.,
Peters, J. A. H. W., van Aardenne, J. A., Monni, S., Doering, U., Petrescu, A. M. R., Solazzo, E., and Oreggioni, G. D.: EDGAR v4.3.2
Global Atlas of the Three Major Greenhouse Gas Emissions for the Period 1970-2012, Earth System Science Data, 11, 959-1002,
https://doi.org/10.5194/essd-11-959-2019, 2019.

23



530

535

540

545

550

5565

560

https://doi.org/10.5194/egusphere-2025-3631
Preprint. Discussion started: 18 August 2025 EG U
sphere

(© Author(s) 2025. CC BY 4.0 License.

Jin, Z., Tian, X., Wang, Y., Zhang, H., Zhao, M., Wang, T., Ding, J., and Piao, S.: A Global Surface CO, Flux Dataset (2015-2022) Inferred
from OCO-2 Retrievals Using the GONGGA Inversion System, Earth System Science Data, 16, 28572876, https://doi.org/10.5194/essd-
16-2857-2024, 2024.

Jongaramrungruang, S., Matheou, G., Thorpe, A. K., Zeng, Z.-C., and Frankenberg, C.: Remote Sensing of Methane Plumes: Instrument
Tradeoff Analysis for Detecting and Quantifying Local Sources at Global Scale, Atmospheric Measurement Techniques, 14, 7999-8017,
https://doi.org/10.5194/amt-14-7999-2021, 2021.

Jongaramrungruang, S., Thorpe, A. K., Matheou, G., and Frankenberg, C.: MethaNet - An Al-driven Approach to Quantify-
ing Methane Point-Source Emission from High-Resolution 2-D Plume Imagery, Remote Sensing of Environment, 269, 112 809,
https://doi.org/10.1016/j.rse.2021.112809, 2022.

Joyce, P., Ruiz Villena, C., Huang, Y., Webb, A., Gloor, M., Wagner, F. H., Chipperfield, M. P., Barrio Guilld, R., Wilson, C., and Boesch, H.:
Using a Deep Neural Network to Detect Methane Point Sources and Quantify Emissions from PRISMA Hyperspectral Satellite Images,
Atmospheric Measurement Techniques, 16, 2627-2640, https://doi.org/10.5194/amt-16-2627-2023, 2023.

Kiel, M., Eldering, A., Roten, D. D., Lin, J. C., Feng, S., Lei, R., Lauvaux, T., Oda, T., Roehl, C. M., Blavier, J.-E,, and Iraci, L. T.: Urban-
Focused Satellite CO2 Observations from the Orbiting Carbon Observatory-3: A First Look at the Los Angeles Megacity, Remote Sensing
of Environment, 258, 112 314, https://doi.org/10.1016/j.rse.2021.112314, 2021.

Krings, T., Gerilowski, K., Buchwitz, M., Reuter, M., Tretner, A., Erzinger, J., Heinze, D., Pfliiger, U., Burrows, J. P, and Bovens-
mann, H.: MAMAP - a New Spectrometer System for Column-Averaged Methane and Carbon Dioxide Observations from Aircraft:
Retrieval Algorithm and First Inversions for Point Source Emission Rates, Atmospheric Measurement Techniques, 4, 1735-1758,
https://doi.org/10.5194/amt-4-1735-2011, 2011.

Kuenen, J. J. P, Visschedijk, A. J. H., Jozwicka, M., and Denier van der Gon, H. a. C.: TNO-MACC_II Emission Inventory; a Multi-Year
(2003&ndash;2009) Consistent High-Resolution European Emission Inventory for Air Quality Modelling, Atmospheric Chemistry and
Physics, 14, 10963-10976, https://doi.org/10.5194/acp-14-10963-2014, 2014.

Kuhlmann, G., Broquet, G., Marshall, J., Clément, V., Loscher, A., Meijer, Y., and Brunner, D.: Detectability of CO, Emission Plumes of
Cities and Power Plants with the Copernicus Anthropogenic CO» Monitoring (CO2M) Mission, Atmospheric Measurement Techniques,
12, 6695-6719, https://doi.org/10.5194/amt-12-6695-2019, 2019a.

Kuhlmann, G., Clément, V., Marshall, J., Fuhrer, O., Broquet, G., Schnadt-Poberaj, C., Loscher, A., Meijer, Y., and Brunner, D.: SMART-
CARB - Use of Satellite Measurements of Auxiliary Reactive Trace Gases for Fossil Fuel Carbon Dioxide Emission Estimation, Tech.
rep., Zenodo, https://doi.org/10.5281/zenodo.4034266, 2019b.

Kuhlmann, G., Clément, V., Marshall, J., Fuhrer, O., Broquet, G., Schnadt-Poberaj, C., Loscher, A., Meijer, Y., and Brunner, D.: Synthetic
XC02, CO and NO2 Observations for the CO2M and Sentinel-5 Satellites, https://doi.org/10.5281/zenodo.4048228, 2020.

Kuik, F., Lauer, A., Churkina, G., Denier van der Gon, H. A. C., Fenner, D., Mar, K. A., and Butler, T. M.: Air Quality Modelling in the
Berlin-Brandenburg Region Using WRF-Chem v3.7.1: Sensitivity to Resolution of Model Grid and Input Data, Geoscientific Model
Development, 9, 4339-4363, https://doi.org/10.5194/gmd-9-4339-2016, 2016.

Law, H. and Deng, J.: CornerNet: Detecting Objects as Paired Keypoints, https://doi.org/10.48550/arXiv.1808.01244, 2019.

Lei, R., Feng, S., Xu, Y., Tran, S., Ramonet, M., Grutter, M., Garcia, A., Campos-Pineda, M., and Lauvaux, T.: Reconciliation of Asyn-
chronous Satellite-Based NO2 and XCO2 Enhancements with Mesoscale Modeling over Two Urban Landscapes, Remote Sensing of

Environment, 281, 113 241, https://doi.org/10.1016/j.rse.2022.113241, 2022.

24



565

570

575

580

585

590

595

https://doi.org/10.5194/egusphere-2025-3631
Preprint. Discussion started: 18 August 2025 EG U
sphere

(© Author(s) 2025. CC BY 4.0 License.

Lin, X., van der A, R., de Laat, J., Eskes, H., Chevallier, F., Ciais, P., Deng, Z., Geng, Y., Song, X., Ni, X., Huo, D., Dou, X., and Liu, Z.:
Monitoring and Quantifying CO, Emissions of Isolated Power Plants from Space, Atmospheric Chemistry and Physics, 23, 6599-6611,
https://doi.org/10.5194/acp-23-6599-2023, 2023.

Liu, W., Anguelov, D., Erhan, D., Szegedy, C., Reed, S., Fu, C.-Y., and Berg, A. C.: SSD: Single Shot MultiBox Detector, in: Computer
Vision — ECCV 2016, edited by Leibe, B., Matas, J., Sebe, N., and Welling, M., Lecture Notes in Computer Science, pp. 21-37, Springer
International Publishing, Cham, ISBN 978-3-319-46448-0, https://doi.org/10.1007/978-3-319-46448-0_2, 2016.

Maasakkers, J. D., Varon, D. J., Elfarsdéttir, A., McKeever, J., Jervis, D., Mahapatra, G., Pandey, S., Lorente, A., Borsdorff, T., Foorthuis,
L. R., Schuit, B. J,, Tol, P, van Kempen, T. A., van Hees, R., and Aben, I.: Using Satellites to Uncover Large Methane Emissions from
Landfills, 2021.

Mahadevan, P., Wofsy, S., Matross, D., Xiao, X., Dunn, A., Lin, J., Gerbig, C., Munger, J., Chow, V., and Gottlieb, E.: A Satellite-based
Biosphere Parameterization for Net Ecosystem CO2 Exchange: Vegetation Photosynthesis and Respiration Model (VPRM), Global Bio-
geochemical Cycles, 22, https://doi.org/10.1029/2006GB002735, 2008.

Marjani, M., Mohammadimanesh, F., Varon, D., Radman, A., and Mahdianpari, M.: PRISMethaNet: A Novel Deep Learning
Model for Landfill Methane Detection Using PRISMA Satellite Data, ISPRS Journal of Photogrammetry and Remote Sensing,
https://doi.org/10.1016/j.isprsjprs.2024.10.003, 2024.

Meinshausen, M., Nicholls, Z. R. J., Lewis, J., Gidden, M. J., Vogel, E., Freund, M., Beyerle, U., Gessner, C., Nauels, A., Bauer, N., Canadell,
J. G., Daniel, J. S., John, A., Krummel, P. B., Luderer, G., Meinshausen, N., Montzka, S. A., Rayner, P. J., Reimann, S., Smith, S. J., van
den Berg, M., Velders, G. J. M., Vollmer, M. K., and Wang, R. H. J.: The Shared Socio-Economic Pathway (SSP) Greenhouse Gas
Concentrations and Their Extensions to 2500, Geoscientific Model Development, 13, 3571-3605, https://doi.org/10.5194/gmd-13-3571-
2020, 2020.

Nassar, R., Hill, T. G., McLinden, C. A., Wunch, D., Jones, D. B. A., and Crisp, D.: Quantifying CO2 Emissions From Individual Power
Plants From Space, Geophysical Research Letters, 44, 10 045-10 053, https://doi.org/10.1002/2017GL074702, 2017.

Nassar, R., Mastrogiacomo, J.-P., Bateman-Hemphill, W., McCracken, C., MacDonald, C. G., Hill, T., O’Dell, C. W., Kiel, M., and
Crisp, D.: Advances in Quantifying Power Plant CO2 Emissions with OCO-2, Remote Sensing of Environment, 264, 112579,
https://doi.org/10.1016/j.rse.2021.112579, 2021.

National Centers for Environmental Prediction, Service, N. W., NOAA, and U S. Department of Commerce: NCEP GDAS/FNL 0.25 Degree
Global Tropospheric Analyses and Forecast Grids, https://doi.org/10.5065/D65Q4T4Z, 2015.

Nerobelov, G., Timofeyev, Y., Foka, S., Smyshlyaev, S., Poberovskiy, A., and Sedeeva, M.: Complex Validation of Weather Research
and Forecasting—Chemistry Modelling of Atmospheric CO2 in the Coastal Cities of the Gulf of Finland, Remote Sensing, 15, 5757,
https://doi.org/10.3390/rs15245757, 2023.

Newell, A., Yang, K., and Deng, J.: Stacked Hourglass Networks for Human Pose Estimation, https://doi.org/10.48550/arXiv.1603.06937,
2016.

Nocedal, J. and Wright, S. J.: Quasi-Newton Methods, in: Numerical Optimization, pp. 135-163, Springer, New York, NY, ISBN 978-0-387-
40065-5, https://doi.org/10.1007/978-0-387-40065-5_6, 2006.

0OCO-2/0CO-3 Science Team, Chatterjee, A., and Payne, V.: OCO-3 Level 2 Bias-Corrected XCO2 and Other Select Fields from the Full-
Physics Retrieval Aggregated as Daily Files, Retrospective Processing V10.4r, 2022.

25



600

605

610

615

620

625

630

635

https://doi.org/10.5194/egusphere-2025-3631
Preprint. Discussion started: 18 August 2025 EG U
sphere

(© Author(s) 2025. CC BY 4.0 License.

Oda, T., Maksyutov, S., and Andres, R. J.: The Open-source Data Inventory for Anthropogenic CO2, Version 2016 (ODIAC2016): A Global
Monthly Fossil Fuel CO2 Gridded Emissions Data Product for Tracer Transport Simulations and Surface Flux Inversions, Earth System
Science Data, 10, 87-107, https://doi.org/10.5194/essd-10-87-2018, 2018.

Pang, Y., Tian, L., Denghui, H., Gao, S., and Liu, G.: Separating and Quantifying Facility-Level Methane Emissions with Overlapping
Plumes for Spaceborne Methane Monitoring, Atmospheric Measurement Techniques, 18, 455-470, https://doi.org/10.5194/amt-18-455-
2025, 2025.

Paszke, A., Gross, S., Massa, F., Lerer, A., Bradbury, J., Chanan, G., Killeen, T., Lin, Z., Gimelshein, N., Antiga, L., Desmaison, A., K&pf,
A., Yang, E., DeVito, Z., Raison, M., Tejani, A., Chilamkurthy, S., Steiner, B., Fang, L., Bai, J., and Chintala, S.: PyTorch: An Imperative
Style, High-Performance Deep Learning Library, https://doi.org/10.48550/arXiv.1912.01703, 2019.

Radman, A., Mahdianpari, M., Varon, D. J., and Mohammadimanesh, F.: S2MetNet: A Novel Dataset and Deep Learning Bench-
mark for Methane Point Source Quantification Using Sentinel-2 Satellite Imagery, Remote Sensing of Environment, 295, 113708,
https://doi.org/10.1016/j.rse.2023.113708, 2023.

Rafig, T., Duren, R. M., Thorpe, A. K., Foster, K., Patarsuk, R., Miller, C. E., and Hopkins, F. M.: Attribution of Methane Point Source Emis-
sions Using Airborne Imaging Spectroscopy and the Vista-California Methane Infrastructure Dataset, Environmental Research Letters,
15, 124 001, https://doi.org/10.1088/1748-9326/ab9af8, 2020.

Reuter, M., Hilker, M., Noél, S., Di Noia, A., Weimer, M., Schneising, O., Buchwitz, M., Bovensmann, H., Burrows, J. P., Bosch, H., and
Lang, R.: Retrieving the Atmospheric Concentrations of Carbon Dioxide and Methane from the European Copernicus CO2M Satellite
Mission Using Artificial Neural Networks, Atmospheric Measurement Techniques, 18, 241-264, https://doi.org/10.5194/amt-18-241-
2025, 2025.

Ronneberger, O., Fischer, P., and Brox, T.: U-Net: Convolutional Networks for Biomedical Image Segmentation, in: Medical Im-
age Computing and Computer-Assisted Intervention — MICCAI 2015, edited by Navab, N., Hornegger, J., Wells, W. M., and
Frangi, A. F., Lecture Notes in Computer Science, pp. 234-241, Springer International Publishing, Cham, ISBN 978-3-319-24574-4,
https://doi.org/10.1007/978-3-319-24574-4_28, 2015.

Rizi¢ka, V. and Markham, A.: Hyperspectral ViTs: General Hyperspectral Models for On-board Remote Sensing, 2024.

Ruzicka, V., Mateo-Garcia, G., Gémez-Chova, L., Vaughan, A., Guanter, L., and Markham, A.: Semantic Segmentation of Methane Plumes
with Hyperspectral Machine Learning Models, Scientific Reports, 13, https://doi.org/10.1038/s41598-023-44918-6, 2023.

Sanchez-Garcia, E., Gorrofio, J., Irakulis-Loitxate, 1., Varon, D. J., and Guanter, L.: Mapping Methane Plumes at Very High Spatial Resolution
with the WorldView-3 Satellite, Atmospheric Measurement Techniques, 15, 1657-1674, https://doi.org/10.5194/amt-15-1657-2022, 2022.

Schuit, B. J., Maasakkers, J. D., Bijl, P., Mahapatra, G., Van den Berg, A.-W., Pandey, S., Lorente, A., Borsdorff, T., Houweling, S., Varon,
D. J., McKeever, J., Jervis, D., Girard, M., Irakulis-Loitxate, 1., Gorrono, J., Guanter, L., Cusworth, D. H., and Aben, I.: Automated
Detection and Monitoring of Methane Super-Emitters Using Satellite Data, Atmospheric Chemistry and Physics Discussions, pp. 1-47,
https://doi.org/10.5194/acp-2022-862, 2023.

Tanimoto, H., Matsunaga, T., Someya, Y., Fujinawa, T., Ohyama, H., Morino, 1., Yashiro, H., Sugita, T., Inomata, S., Mueller, A., Saeki,
T., Yoshida, Y., Niwa, Y., Saito, M., Noda, H., Yamashita, Y., Ikeda, K., Saigusa, N., Machida, T., and Sato, T.: The Greenhouse Gas
Observation Mission with Global Observing SATellite for Greenhouse Gases and Water Cycle (GOSAT-GW): Objectives, Conceptual
Framework and Scientific Contributions, Progress in Earth and Planetary Science, 12, https://doi.org/10.1186/s40645-025-00684-9, 2025.

Thorpe, A. K., Green, R. O., Thompson, D. R., Brodrick, P. G., Chapman, J. W., Elder, C. D., Irakulis-Loitxate, 1., Cusworth, D. H., Ayasse,
A. K., Duren, R. M., Frankenberg, C., Guanter, L., Worden, J. R., Dennison, P. E., Roberts, D. A., Chadwick, K. D., Eastwood, M. L.,

26



640

645

650

655

660

665

https://doi.org/10.5194/egusphere-2025-3631
Preprint. Discussion started: 18 August 2025 EG U
sphere

(© Author(s) 2025. CC BY 4.0 License.

Fahlen, J. E., and Miller, C. E.: Attribution of Individual Methane and Carbon Dioxide Emission Sources Using EMIT Observations from
Space, Science Advances, 9, eadh2391, https://doi.org/10.1126/sciadv.adh2391, 2023.

Ummel, K.: CARMA Revisited: An Updated Database of Carbon Dioxide Emissions from Power Plants Worldwide - Working Paper 304,
2012.

Varon, D. J., Jacob, D. J., McKeever, J., Jervis, D., Durak, B. O. A., Xia, Y., and Huang, Y.: Quantifying Methane Point Sources
from Fine-Scale Satellite Observations of Atmospheric Methane Plumes, Atmospheric Measurement Techniques, 11, 5673-5686,
https://doi.org/10.5194/amt-11-5673-2018, 2018.

Vaughan, A., Mateo-Garcia, G., Gémez-Chova, L., Razicka, V., Guanter, L., and Irakulis-Loitxate, I.. CH4Net: A Deep Learning
Model for Monitoring Methane Super-Emitters with Sentinel-2 Imagery, Atmospheric Measurement Techniques, 17, 2583-2593,
https://doi.org/10.5194/amt-17-2583-2024, 2024.

Wu, K., Yang, D., Liu, Y., Cai, Z., Zhou, M., Feng, L., and Palmer, P. I.: Evaluating the Ability of the Pre-Launch TanSat-2 Satellite to
Quantify Urban CO2 Emissions, Remote Sensing, 15, 4904, https://doi.org/10.3390/rs15204904, 2023.

Xu, R., Tong, D., Xiao, Q., Qin, X., Chen, C., Yan, L., Cheng, J., Cui, C., Hu, H., Liu, W., Yan, X., Wang, H., Liu, X., Geng, G., Lei, Y.,
Guan, D., He, K., and Zhang, Q.: MEIC-global-CO2: A New Global CO2 Emission Inventory with Highly-Resolved Source Category and
Sub-Country Information, Science China Earth Sciences, 67, 450—465, https://doi.org/10.1007/s11430-023-1230-3, 2024.

Yang, D., Boesch, H., Liu, Y., Somkuti, P., Cai, Z., Chen, X., Di Noia, A., Lin, C., Lu, N., Lyu, D., Parker, R. J., Tian, L., Wang, M., Webb,
A., Yao, L., Yin, Z., Zheng, Y., Deutscher, N. M., Griffith, D. W. T., Hase, F., Kivi, R., Morino, 1., Notholt, J., Ohyama, H., Pollard, D. F,,
Shiomi, K., Sussmann, R., T¢é, Y., Velazco, V. A., Warneke, T., and Wunch, D.: Toward High Precision XCO2 Retrievals From TanSat
Observations: Retrieval Improvement and Validation Against TCCON Measurements, Journal of Geophysical Research: Atmospheres,
125, 2020JD032 794, https://doi.org/10.1029/2020JD032794, 2020.

Yang, Y., Zhou, M., Wang, W., Ning, Z., Zhang, F., and Wang, P.: Quantification of CO2 Emissions from Three Power Plants in China Using
OCO-3 Satellite Measurements, Advances in Atmospheric Sciences, 41, 2276-2288, https://doi.org/10.1007/s00376-024-3293-9, 2024.

Yokota, T., Yoshida, Y., Eguchi, N., Ota, Y., Tanaka, T., Watanabe, H., and Maksyutov, S.: Global Concentrations of CO2 and CH4 Retrieved
from GOSAT: First Preliminary Results, Sola, 5, 160-163, https://doi.org/10.2151/s01a.2009-041, 2009.

Zhang, X., Zhang, T., Wang, G., Zhu, P., Tang, X., Jia, X., and Jiao, L.: Remote Sensing Object Detection Meets Deep Learning: A Meta-
review of Challenges and Advances, https://doi.org/10.48550/arXiv.2309.06751, 2023.

Zheng, T., Nassar, R., and Baxter, M.: Estimating Power Plant CO2 Emission Using OCO-2 XCO2 and High Resolution WRF-Chem
Simulations, Environmental Research Letters, 14, 085 001, https://doi.org/10.1088/1748-9326/ab25ae, 2019.

Zhou, X., Wang, D., and Krihenbiihl, P.: Objects as Points, https://doi.org/10.48550/arXiv.1904.07850, 2019.

27



