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Part 1 Carbon Accounting Foundations



Why do people want to account for carbon?
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Why do people want to account for carbon:

- Estimating Greenhouse Gas (GHG) emissions

- Monitoring carbon “stocks” and other non-CO2 emissions Focus of today’s lecture

- Quantifying uncertainties

- Improving corporate accounting
- Strengthening lifecycle assessment

- Supporting verification and audit processes



A Taxonomy: Where Does Al Enter Carbon Accounting?

Use this map as a guide — each node is addressed later in the lecture

% Activity Data

What activities are happening
& at what scale?

Imagery: Object detection
(farms, oil wells, steel plants,
trees)

Imagery: Deforestation /
land-use change detection

Proxies: Scraping publicly
available datasets (e.g.,
operator leases)

J

% Emission Estimation

s Reporting&
wmw Aggregation

L
How much GHG is emitted per Combining sources into
unit of activity? inventories
4 N\ )
Plume detection & Automatgd homoggmza‘uon /
. organization of activity
segmentation .
- AN J
4 N\ )
Atmospheric inversion Lifecycle assessment scaling
(top-down flux) across product types
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Emission factor improvement Supply-'chaln Scope 3
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0 Verification & Audit
-

Independent cross-checks of
self-reported data

Satellite-based
cross-validation

Anomaly / super-emitter
flagging

-

Uncertainty quantification

This lecture deep-dives on emission estimation (plume detection) and activity data with connections to verification throughout.




Relationship between sources, sinks, and stocks

Consider a basin with faucet and a plug at
its bottom.

Source

 Stock: water in basin Flux Stock
« Source: adding water to basin 7 550
 Sink: removing waver from basin -{ 500

— 450
* The rate of increase of the stock in the — 400
basin is called the flux. — 350

—{ 300
— Sources Yyield positive fluxes. -1 250
— Sinks yield negative fluxes. — 200

Source: NASA ARSET



What are the major sources/sinks of carbon?

Sources and Sinks of Carbon

Accounting for carbon/CO2
requires understanding of

~L- Plant
il

7‘1;' Biomass. .- i - Size of carbon stock

across various “pools”

& < - Processes that result in
Photosynthesis 'L. Changes to StOCkS (e.g_,
N cycling and emissions)

Source: ORNL



What are the major sources/sinks of carbon?

Sources and Sinks of Methane (CH4)
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Paris Agreement: Legally binding international treaty with goal to hold global warming well below 2°C

Nations Unies *Nationally Determined Contributions
. : ’ (NDCs): Every country is required to
Conférence sur les Changements Climatiques 2015 submit and progressively update their
own emissions-reduction plans every

COP21/CMP11 five years

i« F = -
) o Pansv kahLs N *Transparency & Accountability:

Members track and report their
progress toward their NDCs using
standardized reporting and
international review.

 Periodic Global Stocktake, where
countries evaluate collective progress
toward goals like keeping the global
temperature rise well below 2° C.

B o ceome o
N = s -

e

Arnaud Bouissou=MEDDE / SG COP2



What are some traditional methods used for carbon accounting?

Activity Data

What was done?
Fuel burned,
livestock numbers,
land cleared

Emission Factors

How much GHG
per unit activity?
IPCC default or

sector-specific EFs

Self-Reporting

Entities submit
inventories to
regulators
or voluntary

standards (GHG

Protocol)

Verification & Audit

Third-party checking;
spot checks;
satellite
cross-validation



Where can this become complicated?

- Self-reported data may have incentive biases

- Emission factors may not represent local conditions
- Verification is resource-intensive and often incomplete.

Example: “Top-down” satellite study compared to IPCC/UNFCCC CH4 reporting

Relative difference of satellite estimate
vs UNFCCC reports
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Source: East et al. (2025)
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Questions for the class

- We'll get deeper into “top-down” methods
(atmospheric-measurement based) for carbon accounting in a
moment. But based on what you know and have seen on
top-down vs. bottom-up measurements

- Live poll: What are you more inclined to trust? Why?
- Vote: What do you trust more: Top-down vs bottom-up?

- How would you build trust in one method, or both?

- How good is “good enough”?



Quickly, overview of some other carbon-accounting use cases: Corporate carbon accounting

CARBON ACCOUNTING

INDIRECT
EMISSIONS

Purchase of
elecricity,
heat or
steam

Source: ecommerceaccountants.co.uk

DIRECT OTHER INDIRECT
EMISSIONS EMISSIONS = Sy
BUSINESS
TRIPS
w. Treatment l\
o (o] of purchased
PROCESSED materias & WASTE
PRODUCTS i MANAOE:
COMBUSTION services MENT
OF FOSSIL
RENTING/
COMPANY OUTSOURCED LEASING
VEHICLES ACTIVITIES VEHICLES

== ECOMMERCE
== ACCOUNTANTS'

Accounting:

- Quantification of all emission
sources, direct and indirect

Markets:

- Purchasing of credits or
emission allowances if/when
emissions in excess:

- Cap-and-trade
(compliance): purchasing
“surplus” emissions from
low-emitting entity

- Carbon credits
(voluntary): purchasing
credits from verified
projects that remove or
mitigate emissions



Lifecycle assessment: Breaking down carbon from individual products or processes

Product
Design p—= Resources
u

Recycling @ Product

Carbon Footprmt
Waste ®
Disposal

o Llfe Cycle

Usage Analysis Packaging

g P
Administration/ G__ol

Distribution Transportation

roductlon

Source: myclimate.org

General follows standard procedures
(e.g., ISO 14040 14044) to account for all
materials, energy, and water used to
generate product/process

Potential Al applications:
- Automated data extraction

- Predictive modeling (e.g., if supplier
data is missing)

- Predictive modeling of potential
carbon benefits if parts of process are
updated

- Scaling to all products/processes in a
portfolio (instead of just flagship
products)



Part 2 Remote Sensing for Carbon Accounting



Returning to emission quantification: Role of satellite remote sensing

Activity data: Using high resolution imagery (visible, infrared,
radar) for identification of equipment, processes, and change

Start (2020, March 3)

2020-03-20
2020-11.27

"™ 2021-08-07

- 2022-04-16

|- 2022-12-25

Example: using a
combination of
visible (RGB) and
synthetic aperture
radar (SAR) to
track
deforestation

End (2022, December 31)

Source: Castrillon-Candas et al. 2026: https://arxiv.org/pdf/2510.14092"



Returning to emission quantification: Role of satellite remote sensing

Activity data: Detection of thermal combustion both in natural

Gas flaring (

. Fit a Planck curve to observed
VIIRS satellite) spectrum to estimate heat from flare
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Returning to emission quantification: Role of satellite remote sensing

GOSAT-2 GOSAT-GW
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Returning to emission quantification: Role of satellite remote sensing

TROPOMI

GOSAT-GW (2023)

MicroCarb (2023)

Methane .
Observations V-
from Space

MethaneSAT (2023) _ g

Area flux mappers :
MERLIN (2024) A%
Point source imagers e

GeoCarb (2025)

2022)

&

A §
' P

L

CO2M (2025)

,E.?‘A

CarbonMapper

(2023)

Two broad categories:

Global GHG Mappers: Wide-swath,
coarse spatial resolution instruments
designed to constrain regional to
global net flux.

Facility Scale Plume Monitors:
Provide emission detection and
quantification of super-emitters at
fine spatial resolution




Remote sensing of CH4 relies on observing radiance
near CH4 rovibrational absorption features. 0 '

Optical depths of atmospheric trace gases \ \ \ /
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The separation between global GHG mapper and facility scale monitor
is determined by the spatial vs. spectral resolution trade space.

EO-1 Hyperion instrument: Aliso
Canyon blowout (2016)

\

>

Snapshot TROPOMI over LA Basin / B® ﬁ;g
Aliso Canyon (Sep 15, 2020) Aliso Canyon N
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Thompson et al., GRL (206)

Coarser spectral resolution -> finer spatial resolution. Ability to resolve large plumes at facility scales.



Global GHG mapping satellites estimate regional emissions by
“inverting” observed atmospheric concentrations to emission fluxes

predicted concentrations < e » observed atmgspheric concentrations Relative difference with UNFCCC reports
A =
3-D chemical opt!mlge
transport model emissions
(posterior
estimate)

>

= arg min {Ily — Hx||s, + |lx — xA”SA}

Posterior (TROPOMI) [Tg a~]

Here, x represents emissions, y is
concentrations, and H is a transport model.

Worden et al., ACP (2022); East et al. (2025)
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Facility scale mapping satellites are sensitive to only a fraction of all
emission sources, but provide facility scale attribution

CH, plumes detected near active or inactive flares

s . ’

XCH4 enhancement (ppm-m)

0 1000 2000 3000 4000



Understanding emissions at basin scales:
total flux, super-emitters, attributed datasets

2024 airborne + satellite study in New Mexico Permian

Yo
%,

i ¥ ]

D4

Wall-to-wall aerial mapping of all

infrastructure in NM Permian — over
200,000 site visits in 3 weeks

Basin flux estimation using TROPOMI
satellite observations
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Understanding emissions at basin scales:
total flux, super-emitters, attributed datasets

Total Emission Flux

Result from
Global GHG
Mapper

32

2024 airborne + satellite study in New Mexico Permian

Plume Detections
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Connecting back to reporting programs:

EPA’s Super Emitter Program

Oil and Natural l
Gas Facility . .

ISH:?.‘JI TNl

New rule in USA that satellite detections of super-emitters by third parties could
be reported to EPA (by approved reporters) requiring operator responses

Source:epa.gov



Any super-emitter detections were expected to be then reported by operators in required
operator reporting program (Greenhouse Gas Reporting Program)

. Annually: operator must report an Annually: operators pay Waste
Super Emitter Program y: ope X y nuatly: op pay
emission > 100 kg/h Emission Charge for leakage over
regardless of duration 1000 tCH4/y
' * ..
p i . O YN | S EPA GHGRP (Spr?rJF W) IRA Methane Emission
DETECTION EVALUATION INVESTIGATION co:::‘%:ve NOTIFICATION > tOtal methane emissions _> Reduction Program
» for any operation over 1000 *
EPA ovaluates Owner/operator (M ERP)
Super omitter notification; 4 it Ownerjoperator nas 15 days 1o OWMM? tCH4/yr
evet detected P initiates submit report to TS ‘:ﬂ_c >
by Certified screening, EPA nvestigation EPA :up(:r 2
Third Party notifies within five days avom .A)'T'“_G %
Notifies EPA owner/operator; of EPA EPA publicly Was ongong
within 15 days. public notified of notification attributes the
avenm location, release 10 the
owner/operator source ?
not yet identiy
\ : e e J . > . >
LS — Other (non super-emitter)
w empirical methane

measurements &/or
bottom-up estimates

Other super-emitter
single-detection reporting
(e.g., operator LDAR screening)




The Inflation Reduction Act (IRA) stipulated that any wasteful emissions would result in a
fee (Waste Emissions Charge — WEC). Fees based on GHGRP reporting.

Observed Intensity by operator from aircraft campaigns
compared to current GHGRP protocols

Methane ntensiy (%) Reported GastoSates (M) RMI conservative analysis of under-reporting

. Waste emissions charge difference: Super-emitter observations vs. reported

emissions for the Permian Basin in 2020

&
. Aerial measurements:
Reported to EPA: Tax Tax payments at
Operator payments at $900/ton $900/ton Cumulative difference between tax payments
1 $0 $0 S0
"1 Dark Blue: | ity f 2 % % 50
ar ue: Intensity Trom
3 %0 I s5.000.000 zs.ooo.ooo
remote sensin g 4 4300000 I 15000000 $21,000,000
e—
5 % $45,000,000
| 6 $0 Il s6.000.000 $51,000,000
1w $81,000,000
—————"
8 $800,000 I <.000.000 $89,000,000
0.2% methane 0.5%
/ intensity limit 9 $130,000,000
0w $172,000,000
------- I j ' 1 fsoomo $208,000000

Operator 1D

Relevance to IRA: Unexposed under-reporting across US could translate to
>$800M/year underpayment of Waste Emissions Charge 29



Break



Discussion

How could/should we base top-down results in ground truth,
standards, and validation?

Has your opinion changed regarding trustworthiness of top-down

vs bottom-up accounting?
- Vote: what do you trust more? Top-down, bottom-up?

What types of experiments would you suggest/perform to build
confidence in top-down/remote sensing estimates



Part 3 Using Al to Improve Carbon Accounting



Activity Data: Filling in production gaps
Example: Gary Works Steel Plant

TransitionZERO

Hundreds of steel plants globally
do not report emissions.

To create database of estimated
emissions — train a machine
learning model on heat
signatures detected from
Landsat-8 and Sentinel-2 infrared
bands.

- carly:2020° . Late2020"

Source: TransitionZERO; Climate TRACE



Activity Data: Object detection

Sentinel-2

Source: METER-ML

Sentinel-1

\4

\J

Refinery/Terminal

Wastewater Treatment

MEthane Tracking
Emissions Reference
(METER)

Goal: to build a
complete database of
anthropogenic methane
emission infrastructure
using variety of satellite
Imaging.



Activity Data: Object detection

Category

NAIP RGB

NAIP NIR

S1VV&VH

CAFOs

Coal Mines B%

Landfills

Proc Plants

Source: METER-ML

To build labels, researchers
scraped any available
Geographic Information
Systems (GIS) infrastructure
database and clipped

satellite imagery accordingly

~50,000 labels/images for
training



Activity Data: Object detection

Classification results (AUPRC) after
application of CNNs to labeled datasets

Image Product Bands | CAFOs Landfills Mines Proc Plants R&Ts WWTPs | Overall
S1 VH&VV | 0.519 0.107  0.152 0.218 0.487 0.119 0.267
S2 RGB 0.889 0.268  0.305 0.374 0.694 0.204 0.456
S2 All 0.889 0.189 0.382 0.368 0.690 0.183 0.450
S2 & S1 All 0.923 0.152 0.379 0.391 0.612 0.231 0.448
NAIP RGB 0.903 0.270 0.348 0.327 0.849 0.182 0.480
NAIP All 0.945 0.276  0.401 0.508 0.857 0.303 | 0.548
NAIP & S2 & S1 All 0.889 0.214 0.473 0.457 0.796  0.272 0.517

So much satellite data, but good labels
are still hard to come by and vary
considerably by geography

Source: METER-ML

Validating labels: 2 expert reviewers
manually reviewed 1500 labels:

If the expert identified no clearly visible
methane source categories in the image, the example was
labeled “negative”, and if the expert was uncertain about
any label, the example was labeled “uncertain”. The two
labels per example were then resolved as follows:

1. If the experts agreed and neither was uncertain,
the agreed upon label was taken as the final label.
2. If the experts disagreed, and one was uncertain
but the other was not, the expert’s certain label

was taken as the final label.

3. If the experts disagreed, but one agreed with the
original label, the original label was taken as the
final label.

4. In all other scenarios, the example was reviewed
jointly by the experts and a final label was as-
signed.



Emission quantification

Worked through example:

Methane plume processing pipeline

Task: As we work through this example, think of the ways
Al may aid the process



Creating plume data products requires multiple processing stages.

Methane plume processing pipeline

Raw
observation
(Digital
Number)

\

Calibrated
radiance

Concentration
Retrieval

Plume
Detection

Source
Attribution

AN

Emission
Quantification




The satellite observes top of the atmosphere radiance, from which column
concentrations are estimated through a retrieval.

Columnwise “Matched Filter” algorithm — based on Beer-Lambert's law Iy

e
Incident Light
X = Xpe \
/ et \
Modeled Reference . Concentration
Absorption
spectrum spectrum Enhancement

Taylor expansion (linearized case)

X = X-(1 — KkAc)

Using a Maximum Likelihood Estimator, the “optimal” concentration enhancement that
minimizes the residuals between model and observation (scaled by some covariance) is:

tTs1(x, — x,)
/ Ac = T 1‘1 :
Column CH4 t'x-1t

enhancement

We choose x, and X to be the mean and covariance of a collection of pixels in the image, and t is a
mapping between radiance and concentration

I
Transmitted Light



Plume detection process: picking needles from haystacks

Example: 20x100 km2 image (Tanager satellite) taken over dense oil&gas infrastructure in Texas

t - white
roofs

Small
arginal
plume
‘Good" clean

Question: What's the risk of a
single false positive (think back
to earlier in the lecture)?




Segmenting (“masking”) plume detections

Retrieved concentration enhancement 72 candidate thresholds are determined Threshold, connected component, and
(cropped +2500m around plume origin) (u +kxmed(c)) proximity applied to each candidate mask

Critical steps towards

\ly—\ quantification
“: Slice scene }r.l‘to Iocalv | RS §
wedges to estimate ‘f/ . .
< I———— noise characteristics e Seg mentation defl nes

Probability of plume presence (p) Final plume mask p | u m e bo u n d a ri es ,

‘ estimated using candidate masks (p>0.7)
enabling quantification
of mass and length

0 25 50 75 100 125 150



Quantifying emission rate from a plume

Gaussian Plume Q = UAQ(z,y) (J??ay(x)cﬁfﬁ?*)

Local mass balance "’[ ® ——U Q=UWAQ
Gauss theorem o1 Q= f 9(3)5} T ds

8 = .
Cross-sectional flux (CSF) OIL Q=U f AQ(z, y)dy
Integrated mass e - U IME
enhancement (IME) i L

Most common

Angular width Q = f(IME,9) approaches

Q@ = CNN(Plume image)

Machine learning



Controlled release experiments can be performed to assess the

bias and uncertainty in quantification methods
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Limited ground truth

Methane plume processing pipeline

Raw

Calibrated

observation
(Digital
Number)

\

radiance

Concentration

NIST Standards

Retrieval

No ground truth

Plume
Detection

No ground truth

Source
Attribution

No ground truth

N

Emission
Quantification

Controlled releases




Plume detection is the bottleneck for the plume processing pipeline. Explore
methods to reduce latency / need for manual annotation

CMERetrevalilmages
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Bue et al. (in
review)



What's the learning objective? Finding enhanced methane pixels (dense segmentation)
or finding plumes (instance detection)?

Airborne Satellite

08 079 Problem: methane
super-emitters are rare: 1000s
of training samples

Model architecture and loss
function makes a huge
difference depending on task

Instance
Detection
©o o
H [+)]

o
(%)

AVIRIS-NG AVIRIS-NG AVIRIS-NG EMIT

Tilewise Pixelwise Multitask Multitask
All Candidates Unambiguous Candidates
M Precision M Recall B Precision Recall

Bue et al. (in review)



Methane plumes have a wide diversity of shapes depending on the emission sector.
Instrument noise is also regionally and environmentally dependent.

Oil & NG Landfills Livestock Electricity
: Generation
¢ 2 i
A1 A2 A3 A4
R {
’ s "' .‘ :
N 1) - 4 '?T. L
‘0
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Bue et al. (in review)
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Data augmentation: injecting synthetic plumes
into realistic imagery to create more samples

LES

Generate fake plumes |
using large-eddy ' |
simulations (LES) |

| R Insert plumes into
% e d R = | tiles with realistic
it noise for training




Augmentation has a generalization issue with CNN architectures

Train Airborne -> Test Airborne Train LES -> Test LES

1o

Test F1B Score (Optimal)
$ & &

2

00

Train Airborne -> Test LES Train LES -> Test Airborne

F1 Score




Test of Earth Foundation models on this application

Clay Embeddings

Frozen Encoder

Representation
Loss
Reconstruction
Loss

|

Waves !
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Tested a variety of existing and new embeddings using
Tanager, Sentinel-2, and varying chip size.



Embeddings suggest ~10 Tanager bands + Sentinel-2 are all that are
needed for best classification

Source(s) | Chip Size | # Tanager | Positive F1? | Class-weig | Negative F1
[meters]’ Bands hted F1
Tanager 3840 10 0.64 0.6l
Tanager 3840 All 0.74 0.69
Tanager 2560 10 0.43 0.40
Tanager 2560 All 0.69 0.64
Tanager, S2 3840 10 0.74 0.69
Tanager, S2 3840 All 0.69 0.64

Poor performance on predicting non-plume class.
Worse performance than CNN-based tests



Looking visually at output shows no clear patterns in mispredictions

Hypothesis:

Example output from Clay
model over Texas

Example output from Clay model
over Oklahoma

Methane absorption is

a minor feature in
observed solar

backscatter

>
(40}
-
c v
+ O
® O
0 O
[SIRS
| -
C
e 0
O +
O 3
(-
D)
o)
—“—

lose this subtle
signature during the

embedding creation

p=1
A3a3

A
a all

L
.n.uumm_.m_
FLEL e

9+ ully

-4 |
L+

1/

3

EX 45D
\

process

o it |
..x“mﬂ“-......

"
Bt

o b

Blue dots: known plume locations
White squares: Negative class
Red squares: Positive class



Go back to the spectra, physics, and CNNs: post-hoc assessment
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Putting ML + physics intuition together for low latency plume notification

Example of a fully automated plume alert in operations

2026-02-21
WMF RGB
8 LR S —— Measurement
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plume (non-ML) physics check alerted If)cal
authority

Here — a high false positive ML model is acceptable when combined
with deep physics intuition to produce a detection

Question: do Al or ML systems need to be truly end-to-end?
Ruzicka et al. (2026)



Moving into the world of transformers and massively augmented datasets

MAPL-EMIT: Use a U-net architecture with Swin Transformer encoder
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Predicted plume enhancements
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Augmentation via synthetic plumes: 3.6 million synthetic plumes

Training performed on all radiance channels and pixels in an image tile

Batchu et al. (2026)



Moving into the world of transformers and massively augmented datasets

MAPL-EMIT: Use a U-net architecture with Swin Transformer encoder

. Encouraging, but still have a
PreClSlOﬂ Recall “ground truth” problem:
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Batchu et al. (2026)



Discussion
Going back to previous questions, but now through an Al lens:

How could/should we base top-down [or Al] results in ground
truth, standards, and validation?

Live Poll: Has your opinion changed regarding trustworthiness of
top-down vs Al-driven vs bottom-up accounting?
- Vote: what do you trust more? Top-down (manual);
Top-down (Al), bottom-up?

What types of experiments would you suggest/perform to build
confidence in top-down/remote sensing estimates



Key Considerations for Al-Based Carbon Accounting

Themes that cut across all the examples in this lecture

Ground-truth & Label Quality

Often, we lack reliable ground truth (retrieval, detection,
quantification). Labels vary in quality across geographies.
Design your evaluation to account for this.

Geographic & Domain Generalization

Models trained on one region or sensor often fail on another.
Evaluate out-of-distribution performance explicitly before
deployment.

False Positive vs. False Negative Costs Are Asymmetric

A false positive may trigger a regulatory action or operator fee;

a false negative lets emissions go unaccounted. The right
operating point on the precision-recall curve depends on the
downstream decision, not just the F1 score.

Physics/Explainability as a Guard Rail

Can you explain the outputs of an Al model? Physics keeps us
grounded, especially for applications where trust is critical.

Deployment Pathway & Stakeholder Buy-in

Who accepts the output — regulators, operators, auditors?
Technical performance alone is insufficient without institutional

trust.

Data Availability Drives Scope

Richest data: North America (e.g., GHGRP), EU (e.g., ETS).
Sparse data: most of the Global South. Your model's
coverage claims may not hold where they matter most for
global accounting.




Surveillance implications

Third-party satellite detection of facility emissions creates an
independent monitoring layer. However, it also raises
questions:

. Who should be allowed to report? The EPA's approval
pathway for Super Emitter reporters is one model for
governing access.

° Who controls the data?

Ethical & Responsible Al in Carbon Accounting

Uneven Performance Across Geographies

Models trained on data-rich regions (US, EU) often degrade
in regions with sparse labels (South Asia, Africa, Latin
America) where accurate accounting may matter most for
global progress.

Benchmark performance on held-out domestic data is not
sufficient evidence of deployment readiness globally.

Who Bears the Consequences of Errors?

False positives: an operator is flagged for a regulatory action
they didn't trigger. If the model is wrong, who is liable?

False negatives: emissions go undetected, undermining the
integrity of carbon markets or allowing illegal dumping.

In both cases, the affected parties are rarely the model
developers.

-

Transparency & Contestability

A satellite-derived emissions estimate that triggers a
regulatory fee must be explainable. Black-box models create
challenges for due process.

What recourse does an operator have to contest a
detection? Standards bodies (ISO, WMO, Verra) are
beginning to address this for carbon markets.

Open-source models and public benchmark datasets
(METER-ML, EMIT L2B) support scrutiny. Proprietary systems
without disclosure undermine trust.

J




How to Get Started: Datasets, Tools & Open Problems

Open Datasets & Benchmarks

METER-ML

Multi-sensor benchmark for methane infrastructure detection
(CAFOs, landfills, wells, processing plants).
https://stanfordmlgroup.github.io/projects/meter-ml/

Climate TRACE

Open facility-level emissions inventory for 352M+ assets across
all major sectors. Free APl + CSV download.
Climatetrace.org

TROPOMI / Sentinel-5P

ESA's daily global methane, CO column products. Free via
Copernicus Open Access Hub.
https://scihub.copernicus.eu/

Carbon Mapper Data Portal

Methane and Carbon Dioxide retrievals from the Tanager, EMIT,
and various airborne instruments:
data.carbonmapper.org

Open Research Problems

Better UQ for end-to-end plume
quantification pipelines

Cross-sensor / cross-geography
generalization benchmarks

Scalable ground-truth collection for
hard-to-label sectors (agriculture, cement)

Integrating Al detections into regulatory
reporting frameworks

Applying foundation models with
physics-informed pre-training to spectral RS
data

Closing the gap between atmospheric
inversion and facility-level attribution at scale



Wrap-Up: What We Covered & What's Open

What We Covered

e Why & how carbon accounting works
e Bottom-up vs. top-down estimation
e Satellite-based CH«/CO; monitoring
* Atmospheric inversion methods

e Al for activity data

e Al for plume detection

e Using Al to streamline decision
making

e Uncertainty quantification

Y Open Questions & Beyond
This Lecture

e Corporate & supply-chain accounting
(lightly touched on)

e |ifecycle assessment with Al
e Al for strengthening audit processes

e Sensor fusion (satellite + ground +
aircraft)

e Model governance, standards &
certification



Time for Additional Questions/Discussion



Quiz

Q1 Multiple Choice

Which of the following best describes the key limitation of
bottom-up carbon accounting?

A. It requires satellite observations, which are expensive

B. It relies on self-reported activity data and emission factors,
which may not reflect actual local emissions

C. It can only be used for CO2, not methane

D. Itis only applicable to developed countries with strong
regulatory frameworks

Q2 Multiple Choice

In the high-resolution methane plume processing pipeline,
which stage currently has the LEAST available ground truth for
training or evaluating Al models?

A. Calibration of raw satellite observations

B. Concentration retrieval using matched filter methods
C. Plume detection

D. Emission quantification

Q3 True/ False

True or False: Earth foundation models (e.g., Clay)
outperformed CNN-based approaches for methane plume
detection in the Tanager satellite experiments described in
this lecture.

Q4 Multiple Choice

A company wants to deploy an Al-based methane plume
detector to support a Super Emitter Program reporting
initiative. Which consideration should most influence the
choice of decision threshold (precision vs. recall tradeoff)?

A. Maximizing overall F1 score on the held-out test set

B. The relative cost of false positives vs. false negatives, given the
downstream regulatory and financial consequences

C. Using the same threshold as the best published paper on plume
detection

D. Minimizing inference time to enable real-time alerts




Pre-readings

Joyce et al. (2023) — METER-ML: A Multi-Sensor Earth Observation
Benchmark for Automated Methane Source Mapping

Jacob et al. (2022) — Quantifying methane emissions from the global
scale down to point sources using satellite observations



