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Abstract

Latest studies show that we are not on track to limit global warming below 1.5°C
compared to pre-industrial levels. Reaching Net Zero is an essential target to reduce
global warming and requires accurate and global monitoring of global emissions.
In this paper, we introduce our Anomaly DEtection of CO2 Emissions via En-
semble Segmentation (ADECEES) system for the identification of consequences
of CO, emissions on the atmosphere relying on partial diffusion and ensemble
segmentation. We apply our system on a global XCO, dataset and illustrate that it
can be used both for the detection of point sources and the detection of variation of
emissions.

1 Introduction

There are growing concerns whether we will be able to keep global warming below 1.5° compared
to pre-industrial levels with current policies [[1} 2]]. Countries who ratified the Paris Agreement [3|]
submitted Nationally Determined Contributions (NDCs) [4] to commit to reduce their emissions and
implement adaptive measures. Anthropogenic emissions of greenhouse gases (GHGs) indeed play
a significant role in global warming and CO, specifically is responsible for a 0.8°C (0.5°C-1.2°C)
historical increase [3]]. To track emissions and make sure they are reduced effectively, countries have
implemented Mandatory Reporting Programs [6, [7]. However, these reporting programs present two
issues: they are inconsistent between countries, as there is no universal protocol [8], and inconsistent
between companies as the level of disclosure is voluntary [9]. An investigated alternative is to
directly monitor CO, emissions from space using remote sensing data [10, [11]]. This solution suffers
from limitations as multiple satellite overpasses are necessary to constrain emissions accurately [12].
More recently, works take advantage of deep learning to infer and predict emissions based on other
variables such as vapor plumes or energy production [13|[14]. While most of these studies focus on
the quantification of CO, emissions from known sources, the topic of CO, point source detection and
discovery remains relatively unexplored. In this paper, we present a multi-purpose CO, emissions
monitoring system, ADECEES (Anomaly DEtection of CO2 Emissions via Ensemble Segmentation)
for the detection of point sources and the study of change in emissions. It relies on a daily global
XCO; (column-average dry-air mole fraction of atmospheric CO2 [15])) dataset to perform anomaly
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detection using partial diffusion [[16] and segment high CO, concentration zones attributable to point
sources. The paper is organised as follows: Section 2] presents the system, Section [3|the dataset used
for anomaly detection along the preprocessing steps and Section @] regroups the tests conducted on
our system. Finally, our findings are summarized in Section 5]

2 Anomaly detection system

Point Source Detection with Partial Diffusion Denoising Diffusion Probabilistic Models (DDPM)
are a class of latent variable models that consist of two phases and can be used to produce samples
from a target distribution ¢(x¢). Following the work of Wyatt et al. [17] on AnoDDPM (“Anomaly
Detection with Denoising Diffusion Probabilistic Models using Simplex Noise”) and recent progress
made in diffusion-based anomaly detection [18]], we adapt the standard DDPM framework to our task
by employing a partial diffusion process driven by simplex noise, rather than the full Markov chain of
Gaussian steps. Compared to the standard DDPM framework, our partial simplex diffusion approach
leverages multi-scale simplex perturbations that better preserve structural information and enhance
sensitivity to subtle anomalies. Specifically, given a healthy reference image xg € Dpeqitny, we add
simplex noise via a truncated forward diffusion pass to obtain a noisy sample x; using:

Gsimplex (Z+ | o) = SimplexNoiseScale(t) - €gmplex;  Esimplex ~ SimplexNoise, 1

where SimplexNoiseScale(t) controls anomaly-size sensitivity. The model is then trained to denoise
this partially simplex-noised input and reconstruct the original x via

i‘0 = f@(xtat)a (2)
by minimizing the reconstruction loss

Esimplex - EIQNDhm”h,y, t [Hf@(xtv t) - xOHz} . (3)

This partial simplex diffusion strategy allows the model to scale to high-resolution imagery and
provides control over anomaly granularity, as shown in Wyatt et al. [[17]. During this phase, we feed
the model CO, maps without suspected unreported point sources or variations, ensuring that the
denoising process learns a faithful distribution of healthy references against which anomalies can
be detected. A more detailed explanation and illustration of the diffusion process, along with the
training procedure can be found in Annex |A| In our context, each location possesses an iteration of
the model with specific weights as XCO, profiles vastly differ by region, making it impractical to
train a single global model.

Inference During inference, we feed the model CO, profiles with suspected emission or concen-
tration anomalies zg. These maps are diffused before being reconstructed in the reverse process
into healthy samples . As the reconstructed maps follow the same data distribution as the training
dataset, we note £g ~ Dpeqithy. Furthermore, generating only one output introduces excessive ran-
domness into the anomaly detection process. To increase the robustness and minimize the uncertainty
in our reconstructions, we generate an ensemble of n=50 reconstructions which we then average and
segment. Once we have generated the reconstructed map £, we perform a difference x4; ¢y with the
real XCO, map xo. A segmented array z 4., with the same shape as xg, is then computed. If the
values of z4;r are higher than a threshold ¢, they are then segmented as high anomalies of XCO,.

3 Dataset

XCO; global dataset We employed a global daily XCO, dataset for CO, monitoring with a
0.03° x 0.04°(<5km) spatial resolution from 1 January 2015 until 28 February 2022 generated by
Rakotoharisoa et al. [19]. This dataset results from the downscaling of a L3 dataset from the OCO-2
mission from NASA [20]. Samples of the dataset over the span of four years are presented in the
Annex [Clfor visualisation.

Preprocessing Some preprocessing steps are needed in order to generate the input data for our

system. First, from the daily global maps J;fl_(f}“l, we extract a 256x256 array z1°°% centered on

the point source we wish to investigate. We then normalize each daily subarray between -1 and 1

before generating a weekly average mlu‘fgg,ily The averaging of our daily local maps is performed



in order to limit the impact of weekly and exceptional events on the predictive performance of our
model 22)). Examples of significant changes are presented in Annex [B] The whole preprocessing
pipeline is represented in Figure [T}
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local local
X157 xweekly

Average

Figure 1: Preprocessing steps of our input data. The red dots represent the location of the point source.

4 Test cases

In this section, we present two applications highlighting the potential of our system for CO, emissions
monitoring: firstly the identification of point sources and secondly the detection of changes in CO,
profiles resulting from variations in CO; emissions.

Point source detection To assess whether ADECEES is able to detect emission sources, we select
locations with coal mines from the Global Coal Mine Tracker Dataset []where coal mines are not
continuously active between 2015 and early 2022 (see Annex [D). with the objective to see if the
model is able to detect their activity. We evaluate the accuracy, precision and recall of the system in
these four locations with a 50/50 ratio of operational and inactive period and a varying threshold t.
High accuracy indicates that the model can effectively differentiate profiles according to the presence
of an emission source.

The metrics of the system’s performance are reported in Table[T] Our first observation is that its
performance depends on the location. The Invierno mine exhibits poorer metrics compared to other
locations, with accuracy and precision values never exceeding 0.5. This suggests that the system
struggles to distinguish between CO, profiles corresponding to an operational and inactive point
source, even with the tuning of the threshold. Conversely, except for the Invierno mine, we can
observe that both the accuracy and F1-score of the system tend to improve as the threshold increases.
This trend is particularly evident for the Otvialny and Hazelwood mines. For these facilities, high
accuracy and F1-score (>70%) indicate the system’s ability to reliably detect the presence of a point
source while keeping false positives low.

Variation of emissions Secondly, we evaluate our system’s capability to detect emission variations
from known power plants. Emissions for the first half of 2022 have been quantified [11]] and the
Global Energy Monitor (GEM) El reports events that may correspond to the variation we aim to
visualise. The power plants we investigate are described in Annex [D]

!Global Coal Mine Tracker, Global Energy Monitor, May 2025 release.
https://globalenergymonitor.org Accessed on 20/05/2025.
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Table 1: Detection rate of various point sources using ADECEES depending on the threshold t. Best
for each site in bold.

t=0.3 t=0.5 t=0.7
Bg. Ot Iv.. . Hw. Bg. t. Iv.. Hw. Bg. Ot

Acc. 050 0.60 0.50 050 0.60 0.80 050 0.50 0.60 090 040 0.70
Prec. 0.50 0.56 050 050 057 071 050 050 0.60 1.00 043 0.67
Recall 1.00 1.00 1.00 1.00 0.80 1.00 1.00 1.00 060 0.80 0.60 0.80
F1-Sc. 0.67 0.71 0.67 0.67 0.67 0.83 0.67 067 060 0.89 050 0.73
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Figure 2: Visualization of CO; profiles, predicted anomalies and their variance as detected by ADECEES for
the Niederaussem plant (a-1, a-2 and a-3 being from first week of May 2017, May 2018 and May 2021 resp.)
and Parish plant (b-1, b-2 and b-3 being from last week of April 2016, April 2018 and April 2019 resp.).

Figure 2}a highlights the potential impact of two units’ closure in 2020 and 2021 on the Niederaussem
plant. The regional CO, profiles have significantly changed between 2017 and 2021: the rows
associated with 2017 and 2018 (a-1 and a-2) present a pic in pollution in the area surrounding the
plant, which disappears in 2021 (a-3). Similarly, Figure [2}b presents a significant decrease in flagged
anomaly areas after the introduction of the carbon capture upgrade in 2017 (b-2 and b-3). This
provides a complementary approach to exisiting emissions quantification studies, by considering the
temporal aspect of emissions and their impact on the regional CO, landscape.

5 Discussion and conclusion

In this paper we introduce ADECEES, a flexible system for detecting CO, anomalies globally, aming
to support the adoption of efficient measures to reduce global warming. We begin by evaluating
the system’s ability to identify emission sources before applying it to the detection of shifts in CO,
emissions. Our results suggests the system’s ability to detect point sources and variations in emission
but location significantly influences its performance. We argue that ADECEES can provide valuable
insights when combined with existing research on CO, monitoring 23]. Following this first
iteration, future works will focus on improving the partial diffusion process by considering auxiliary
variables such as wind or vegetation and further validating the results presented in this work.
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Annex

A Partial Diffusion

During the forward or diffusion process, an original image xo ~ ¢(z¢) is gradually corrupted
following q(x¢|z¢—1)(see Eq. Ié-_ll) while the reverse or backward process is learned(see Eq.[5) and starts
from a noise distribution (commonly gaussian) z7 ~ A(0,I) to progressively generate samples
from q(z¢)(see Eq.[3) [24].

Q(l’t|17t—1) = N($t|3¢t—1 V1—=75, 5t1) @
po(@i—1]xe) = N(2—1|po(xs, 1), Btl) &)

where p19(z,t) can be implemented or learned [25]], S, ..., Br is a variance schedule and Bt =
1;—?“ [26] with the notation oy = 1 — 3; and & = szo «;. In practice, to speed up the slow
sampling process [27]], Ho et al. [24] show that g (z¢,t) can be parametrized as:

1 B
)= — - t 6
po (e, t) \/a_t(wt mﬁe(wt, ) (©)
while x; can be sampled from x( without the whole sequence as such:
q(z¢|zo) = N (z¢|zov/a, (1 — a)I) (7N
Tt :.To\/dt+6t\/1—C_Mt,GNN(O,I) (8)
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Figure 3: Examples of forward and backward pass of the partial diffusion cycle for T=200.

B Training

In our application, Djcqithy represents the dataset containing the average local maps we consider as
healthy (eg. when a point source is closed). During the training phase, the model learns to reconstruct
them. Eq.|6] gives us that training (x4, t) is equivalent to training the estimator €y (x¢,t) and we
set the depth of the forward diffusion pass to T=300.

Figure ] represents the relationship between the size n of the ensemble and the anomalies segmented
by the model. We can see that a smaller size tends to generate loosely bounded segmented areas
while a larger ensemble (n=100) will have more intense anomalies with reduced uncertainty.



Ens. =100

Figure 4: Influence of the ensemble size on the segmentation task. xg is the input, the next three
columns are the predicted anomalies, influenced by the ensemble size

C Dataset and preprocessing steps

400 402.5 405 407.5 410 412.5 415 417.5
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Figure 5: Sample of the high resolution dataset from on 7 July from 2017 to 2020.

On Figure[6] we can see examples of significant changes in relative XCO, concentration throughout
the week. On z; we see a zone of very high CO, concentration on the top of the feature map that isn’t
appearing on other days. Similarly, zo and x5 present higher peaks of XCO; in the center left part of
the feature map as opposed to other days. By averaging the daily maps over a week, we generate an
input Zeekiy that only retains the common characteristics of each day.
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Figure 6: Daily fluctuations in XCO, on normalized feature maps. x; to x7 are the XCO, daily maps
and Xyeekly i the weekly average. Areas in yellow represent areas of high CO, concentration in the

region.

D Coal mines and powerplants investigated in this paper

Table 2: Coal mines and their characteristics for emissions detection

Mine (Abbrv.) Loc. (Lat,Lon) Prod. (Mtpa) Active Closed Reason
Benga (Bg.) -16.17°, 33.66° 1.24 07/19-01/21  07/16-01/18 Extension
Otvalny (Ot.) 54.15°, 87.13° 2.50 01/17-12/17  01/21-12/21  Rehabilitation
Invierno (Iv.) -53.00°, -72.42° 2.30 06/18-12/19  06/20-12/21 Closed
Hazelwood (Hw.) -38.25°, 146.38° 15.30 06/18-12/19  06/20-12/21  Rehabilitation

Table 3: Powerplants and the possible reason for emission change

Power plant (Abbrv.)  Loc. (Lat,Lon) Reason for emission variation
Niederaussem (Nd.) 50.99°, 6.67° Units got retired in 2020 and 2021
Parish (Pa.) 29.48°,-95.63°  Unit upgraded with carbon capture in 2017 [28]]
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