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sensing and artificial intelligence
for livestock greenhouse gas benchmarking:
measurement, attribution, and verification
challenges

Padmanabhan Jagannathan Prajesh, ab Kaliaperumal Ragunathc

and Suresh Neethirajan *ad

Livestock agriculture contributes 14.5% of global anthropogenic greenhouse gas (GHG) emissions, yet current

monitoring approaches carry 30–50% uncertainty, limiting crediblemitigation assessment and carbon-market

verification. This review synthesizes recent advances in satellite remote sensing and artificial intelligence (AI)

for benchmarking methane (CH4), carbon dioxide (CO2), and nitrous oxide (N2O) emissions from livestock

systems. Drawing on an 80-study PRISMA synthesis (2019–2025), we evaluate detection capabilities,

retrieval uncertainties, and algorithmic limitations that constrain operational deployment. Medium-

resolution sensors such as TROPOMI enable regional CH4 verification but cannot resolve individual farms,

while high-resolution systems like GHGSat detect only the largest emitters. AI models achieve strong

accuracy for well-characterized systems but degrade substantially when applied to novel practices or

sparse datasets. N2O remains effectively undetectable from space, creating persistent blind spots for 20–

40% of livestock GHG footprints. We propose a hybrid multi-scale framework integrating top-down

satellite observations, bottom-up process models, and AI-driven fusion to bridge facility-level management

zones, satellite footprint scales, and national inventories. This integrated approach could reduce monitoring

uncertainties to approximately 15–25%, enabling farm-level benchmarking and independent verification of

mitigation actions. Using Canada as a case study, we outline measurement-monitoring-verification

requirements necessary for transparent, policy-relevant pathways toward net-zero agriculture by 2050.
Environmental signicance

Accurate livestock emission monitoring remains a critical bottleneck for agricultural climate policy. This review demonstrates how integrating satellite
observations with AI algorithms can reduce inventory uncertainties from 30–50% to 15–25%, enabling farm-level benchmarking and independent verication of
mitigation interventions. By identifying fundamental attribution challenges and validation gaps, we establish research priorities for transitioning from proof-of-
concept demonstrations to operational measurement, monitoring, and verication systems essential for net-zero agriculture pathways.
1 Introduction

Global agriculture faces a dual imperative: reducing greenhouse gas
(GHG) emissions while expanding production to meet projected
50% demand growth by 2050.1,2 Livestock systems contribute 10–
12% of anthropogenic emissions globally,3,4 yet fundamental
uncertainties in quantication constrain evidence-based mitiga-
tion. Current estimation methodologies, primarily IPCC Tier 1 and
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y the Royal Society of Chemistry
Tier 2 approaches rely on generalized emission factors applied to
livestock populations, yielding uncertainties of 30–50% for enteric
fermentation and 50–100% for manure management.5,6 Such
margins substantially exceed the 10–15% accuracy required for
credible verication of mitigation interventions, carbon market
participation, or farm-level performance benchmarking.7,8

Advances in satellite-based remote sensing capabilities offer
potential pathways to reduce these uncertainties through
independent verication of bottom-up inventory estimates.
Medium-resolution instruments such as TROPOMI aboard
Sentinel-5P provide daily global coverage at 5.5 km resolution,
enabling regional-scale inverse modelling of atmospheric
methane concentrations.9,10 High-resolution systems including
GHGSat detect individual facility emissions with spatial reso-
lution of 25 m and sensitivity to sources exceeding 300–500 kg
Environ. Sci.: Adv.
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CH4 per h.11,12 Concurrently, articial intelligence (AI) and
machine learning (ML) methodologies demonstrate capacity to
identify complex, nonlinear relationships between emission
drivers and outcomes, integrating heterogeneous data streams
including satellite retrievals, meteorological parameters, and
farm management records.13–15

However, enthusiasm surrounding these innovations must
be balanced by rigorous scrutiny of their detection thresholds,
potential systematic biases, attribution complexities, and
extrapolation uncertainties that collectively constrain their
operational reliability. Three fundamental tensions underpin
these limitations: (1) scale mismatches between facility (102–104

m2), satellite (103–107 m2), and regional (106–109 m2) assess-
ments;16,17 (2) temporal sampling biases from cloud cover, solar
angles, and tasking gaps that miss short-term emissions;18,19

and (3) limited algorithmic transparency, where AI models lack
mechanistic interpretability, undermining trust and regulatory
condence.20,21 Table 1 summarizes the principal methodolog-
ical weaknesses across inventory, satellite, and AI-based emis-
sion monitoring approaches.

Existing emission estimation methodologies further reinforce
structural weaknesses that propagate through policy frameworks.
IPCC Tier 1 approaches employ default global emission factors,
yielding uncertainties exceeding 50–100% for key sources.22 Tier
2 methods incorporate country-specic factors but assume that
research station conditions represent commercial farm diversity,
an assumption demonstrably violated by heterogeneity in
genetics, nutrition, and management.5,25 Tier 3 process models
such as Holos enable scenario analysis but exhibit performance
degradation of 30–50% when extrapolating beyond calibration
conditions, particularly for novel mitigation technologies such as
feed additives or precision feeding systems.23,26

Satellite remote sensing can complement these approaches
but introduces new challenges. Atmospheric concentration
enhancements observed by sensors reect convolutions of emis-
sion spatial distributions, atmospheric transport processes, and
instrument characteristics operating at fundamentally different
scales. Inverse modelling approaches used to infer emissions
from concentrations exhibit uncertainties of 30–60% even for
well-characterized large point sources, driven by imperfect
Table 1 Methodological limitations in livestock GHG quantification

Component Primary limitation M

Tier 1 emission factors Global defaults D
d

Tier 2 country-specic factors Research station bias L
c

Tier 3 process models Domain-specic calibration 3
o

Satellite remote sensing Scale convolution and transport
uncertainty

C

Temporal sampling Cloud cover, solar geometry, and
tasking

U
e

AI/ML models Data scarcity and poor
generalization

R

Algorithmic transparency Black-box predictions L
i

Environ. Sci.: Adv.
knowledge of vertical wind proles, sub grid-scale turbulence, and
boundary layer dynamics.17,27 Furthermore, retrieval success rates
of 20–40% over agricultural regions introduce temporal sampling
biases, as observations disproportionately represent clear-sky,
mid-day conditions during summer months.18,19

Articial intelligence methodologies promise integration of
heterogeneous data streams but face fundamental extrapolation
limitations. Random forest and gradient boosting methods ach-
ieve R2 = 0.65–0.80 for emissions from well-characterized systems
but degrade to R2 = 0.40–0.60 when applied to spatially or
temporally independent test sets.13,24Deep neural networks require
training datasets of 104–106 examples to achieve robust perfor-
mance, yet agricultural emissionmeasurements number only 102–
103 well-characterized cases globally.15 This data scarcity necessi-
tates transfer learning, synthetic data augmentation, or physics-
informed constraints, each introducing new uncertainties.

This critical review addresses ve interconnected objectives
that collectively advance understanding of agricultural emis-
sion monitoring systems:

(1) Evaluate satellite remote sensing capabilities, detection
thresholds, and operational constraints across current and
emerging platforms, synthesizing validation campaign insights
and identifying scale-dependent biases.

(2) Assess articial intelligence architectures for emission
prediction, examining trade-offs between accuracy, interpret-
ability, data requirements, and extrapolation capacity.

(3) Synthesize atmospheric inversion methodologies for top-
down emission quantication, evaluating transport model
uncertainties, prior specication sensitivities, and validation
strategies against independent measurements.

(4) Identify critical bottlenecks in source attribution, spatial
scaling, and uncertainty propagation that constrain integration
of satellite observations with bottom-up inventory methods.

(5) Propose hybrid multi-scale benchmarking frameworks
aligned with international measurement, monitoring, and
verication (MMV) standards (ISO 14064, the GHG Protocol),
using Canada as a representative case study while emphasizing
global generalizability.

This synthesis advances the literature through three key
contributions beyond existing reviews. First, it presents the rst
anifestation Implication

o not reect regional genetics,
iets, or management

Uncertainty >50–100% for key
sources22

imited representation of
ommercial variability

Systematic estimation bias5

0–50% performance degradation
utside calibration conditions

Poor novel mitigation
applicability23

omplex inverse modeling required 30–60% uncertainty for large
emitters17

nderrepresentation of episodic
missions

Incomplete temporal proles19

2 degradation on test sets Reduced regulatory robustness24

imited mechanistic
nterpretability

Low stakeholder trust21

© 2026 The Author(s). Published by the Royal Society of Chemistry
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comprehensive integration of satellite remote sensing, articial
intelligence, and emission benchmarking explicitly tailored to
livestock agriculture; while prior studies have examined these
components in isolation,9,14 none have assessed their combined
potential for farm-level and regional-scale monitoring aligned with
policy implementation. Second, it proposes a hybrid monitoring
framework that directly addresses scale mismatch by combining
high-resolution targeted observations, moderate-resolution
regional verication, and AI-driven spatial downscaling. Third, it
identies critical research frontiers, including the establishment of
permanent ground-based validation networks, the development of
causal inference approaches for evaluating novel management
practices, and robust uncertainty quantication frameworks that
account for correlated errors, all of which are essential for trans-
itioning from proof-of-concept studies to operational systems.

Beyond technical advances, the framework recognizes that
emission monitoring raises signicant ethical and societal
considerations. Data accuracy and transparency have direct
implications for farmers' economic outcomes, regulatory
compliance, and market access, particularly for smallholder
and disadvantaged producers. By integrating technical rigor
with ethical responsibility, this approach emphasizes equitable,
transparent monitoring systems that reward sustainable prac-
tices rather than disproportionately penalizing producers.
2 Review methodology

We conducted a systematic literature review following PRISMA
(Preferred Reporting Items for Systematic Reviews and Meta-
Analyses) guidelines adapted for interdisciplinary technology
assessment.28 Literature searches were conducted across four
complementary databases selected for disciplinary coverage:
Web of Science Core Collection (multidisciplinary science and
engineering), Scopus (broader coverage including conference
proceedings), ScienceDirect, IEEE Xplore, and SpringerLink (full-
text access to peer-reviewed journals), and Google Scholar (grey
literature, technical reports and preprints). The core search
strings were designed to capture three interconnected domains:
satellite remote sensing technologies, articial intelligence
methodologies, and agricultural emission quantication:

Additional targeted searches focused on specic platforms
(‘Carbon Mapper’, ‘MethaneSAT’, and ‘PRISMA imaging
© 2026 The Author(s). Published by the Royal Society of Chemistry
spectrometer’), AI architectures (‘physics-informed neural
networks’, ‘transformer models’, and ‘Gaussian processes’), and
validation methodologies (‘eddy covariance’, ‘aircra campaigns’,
and ‘controlled release experiments’). Searches were restricted to
English-language publications and with no geographic limitations
to capture global methodological advances.

Database search yielded 312 initial records (Fig. 1), ensuring
thorough coverage of satellite remote sensing, AI/ML, and
agricultural emission literature. Aer deduplication, 250 uni-
que records underwent screening against six inclusion criteria:
(1) publications from 2019–2025; (2) satellite remote sensing of
agricultural GHGs; (3) AI/ML methodologies; (4) validation
studies; (5) atmospheric inversion methods; and (6) livestock
applications. Five exclusion criteria removed non-agricultural
studies, theoretical proposals without validation, unrelated AI
applications, pre-2019 publications (unless seminal), and
unavailable full texts. Title/abstract screening excluded 128
records; full-text assessment excluded 23 additional studies (8
lacked agricultural specicity, 7 had insufficient methodolog-
ical detail, 5 were superseded, and 3 were inaccessible).

The synthesis drew on 105 sources reecting diverse
evidence for satellite-based emission monitoring. Peer-reviewed
articles (52, 49.5%) provided empirical foundations, including
methodology, validation, and AI comparisons. Space agency
reports (12, 11.4%) detailed instruments, algorithms, and
orbital data. Government documents (10, 9.5%) linked ndings
to policies and IPCC/UNFCCC standards. Monographs (6, 5.7%)
offered theoretical context on machine learning and remote
sensing. Dissertations and preprints (15, 14.3%) captured
emerging research. International organization reports (10,
9.5%) synthesized global emission data, while stakeholder
reports (5, 4.8%) highlighted practical and farmer-centred
insights. Classication as high rigor (4–5 criteria), moderate
rigor (2–3 criteria), or low rigor (0–1 criteria) informed evidence
weighing in synthesis (Table 2).

The quality-weighted synthesis emphasized validated
concordance between satellite and ground-based emission
estimates while the 2019–2025 timeframe captures trans-
formative advances in satellite GHG monitoring capabilities.
Sentinel-5P's TROPOMI began daily global methane mapping
(<7 km) in 2019.29 GHGSat's expanding constellation (2020–
2024) achieved 25 m methane detection.11 OCO-3 on the ISS
complemented OCO-2's global coverage,30 while GOSAT-2
reached full operational precision for CO2 and CH4 by 2019.31

Simultaneously, AI evolved with transformers for time series
(2020),32 physics-informed neural networks for Earth systems
(2021),33,34 and foundation models for environmental moni-
toring (2023–2025).35 This period marks the convergence of
satellite capabilities and AI innovations critical to operational
agricultural emission monitoring.
3 Global drivers and policy context
for agricultural emission monitoring

International climate commitments under the Paris Agreement
require Nationally Determined Contributions (NDCs) with
Environ. Sci.: Adv.
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Fig. 1 Systematic review workflow: search strategy, screening criteria, and critical appraisal framework for AI-enhanced satellite remote sensing
studies.

Table 2 Classification of included studies by the rigor level in the PRISMA-based systematic review

Rigor level Criteria
No. of studies
(n)

Percentage
(%)

High rigor Met 4–5 rigor dimensions; demonstrated strong validation, reproducibility,
and transparent uncertainty treatment

72 68.6%

Moderate rigor Met 2–3 dimensions; partial validation or limited transparency but relevant to synthesis 25 23.8%
Low rigor Met 0–1 dimensions; exploratory or conceptual studies lacking empirical support 8 7.6%
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transparent, accurate, and complete emission inventories.36

Agriculture-specic emission reduction targets increasingly
feature in updated NDCs as 119 countries included agricultural
mitigation in their 2021–2023 NDC revisions, representing
a 47% increase from initial submissions.36 However, translating
national commitments into veriable farm-level actions
requires monitoring systems operating at spatial scales (102–104

m2) orders of magnitude ner than conventional inventory
approaches (106–109 m2). Fig. 2 synthesizes these inter-
connected policies, technical gaps, and market drivers, illus-
trating the timeline of regulatory developments, the spatial
scale verication gap, and the growth of agricultural carbon
markets.

The Global Methane Pledge, launched at COP26 (2021) and
endorsed by 150+ countries, commits signatories to reducing
methane emissions by 30% below 2020 levels by 2030.37 Agri-
cultural methane represents approximately 40% of anthropo-
genic methane budgets globally, with livestock systems
contributing 32% directly through enteric fermentation and
manure management.38 Meeting pledge targets requires not
only mitigation technology deployment but also verication
Environ. Sci.: Adv.
systems capable of detecting emission changes at scales rele-
vant to interventions. Current IPCC inventory methodologies
cannot reliably detect changes less than 20–30% due to
inherent uncertainties, creating a verication gap that under-
mines condence in reported progress.7
3.1 Carbon markets and MRV requirements

Voluntary carbon markets have expanded rapidly, with agri-
cultural carbon credits comprising 15–20% of total market
volume in 2024, valued at approximately USD 400–600 million
annually.39 However, credibility concerns around additionality,
permanence, and leakage have constrained market growth and
reduced credit prices.40,41 High-integrity carbon markets require
measurement, reporting, and verication (MRV) systems
achieving uncertainties less than 15% for individual projects,
which is substantially beyond current capabilities for livestock
emissions. The Science-Based Targets initiative (SBTi) for agri-
culture, launched in 2023, establishes verication protocols
requiring independent third-party validation of emission
reductions, creating demand for scalable monitoring
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Fig. 2 Evolution of agricultural emission monitoring drivers: policy commitments, spatial scale requirements, and carbon market growth.
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technologies that existing ground-based measurement
approaches cannot economically provide at the farm-level.42

Regulatory frameworks increasingly mandate emission
transparency. The European Union's Carbon Border Adjust-
ment Mechanism (CBAM) phased implementation 2023–2026,
imposes carbon tariffs on imported goods including agricul-
tural products, with levy calculations based on embedded
emissions.43 Exporters face requirements to document product
carbon footprints using methodologies compatible with EU
standards, creating compliance burdens that disproportion-
ately affect smaller producers and developing economies lack-
ing sophisticated monitoring infrastructure. Similar
mechanisms under development in Canada, the United
Kingdom, and California establish a convergent regulatory
environment where emission verication becomes a prerequi-
site for market access.44
© 2026 The Author(s). Published by the Royal Society of Chemistry
3.2 Canadian context: a representative case study

Canada's agricultural sector committed to net-zero emissions
by 2050 under the Sustainable Canadian Agricultural Partner-
ship (2023–2028), allocating CAD 3.5 billion for climate miti-
gation and adaptation.45 The sector currently emits
approximately 73 Mt CO2-equivalent annually, with dairy
contributing 3.7% and poultry 1.2% of total agricultural emis-
sions.46 Canada's geographic concentration of livestock
production with 66% of dairy in the Ontario-Quebec corridor
and 35% of broilers in the Fraser Valley, British Columbia,
creates favourable conditions for satellite-based monitoring
where emission signals exceed detection thresholds through
spatial aggregation.47,48

This production system structure is representative of
moderate-intensity, spatially concentrated livestock agriculture
found globally.3 Similar production geographies and detection
Environ. Sci.: Adv.
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challenges exist in northern Europe (Denmark and the Neth-
erlands), Argentina's pampas regions, parts of China, and India,
supporting the generalizability of monitoring framework design
principles across diverse agricultural contexts. While region-
specic calibration remains essential, such spatial clustering
creates favourable conditions for satellite-based detection, as
aggregated emission signals are more likely to exceed instru-
ment sensitivity thresholds.9

Yet Canada also exemplies monitoring challenges facing
moderate-intensity livestock systems globally. The average dairy
herd size of 94 cows per farm falls below reliable individual
detection thresholds for most satellite platforms. Climate
extremes including winter temperatures reaching up to −40 °C
and summer recording +35 °C introduce pronounced seasonal
emission variability poorly captured by episodic satellite
observations. Supply-managed production systems create
regulatory environments favouring stability over rapid techno-
logical adoption, potentially slowing mitigation progress.
Reconciling these realities with net-zero aspirations requires
monitoring frameworks that acknowledge operational
constraints while progressively tightening performance stan-
dards, a balance relevant to agricultural systems worldwide.26

4 Satellite remote sensing for
greenhouse gas emissions in livestock
systems

Satellite-based greenhouse gas observations have transitioned
from research demonstrations to operational capabilities over
the past decade, yet fundamental constraints limit direct
applicability to agricultural emission monitoring. Multiple
satellite platforms (Table 3) now provide complementary capa-
bilities for monitoring methane (CH4) and carbon dioxide (CO2)
concentrations, with emerging systems specically designed for
agricultural and point-source monitoring applications. This
section critically evaluates platform capabilities across spatial
scales, identifying detection thresholds, temporal coverage
gaps, and retrieval uncertainties that shape integration strate-
gies with bottom-up emission models.

4.1 Methane monitoring: TROPOMI and high-resolution
systems

TROPOMI (TROPOspheric Monitoring Instrument) aboard
Sentinel-5P represents the current benchmark for moderate-
resolution methane monitoring, providing daily global
coverage at 5.5 × 5.5 km native resolution (7 × 7 km pre-2019
upgrade) with a column-averaged dry-air mole fraction (XCH4)
precision of 0.6% (approximately 10–12 ppb).19,57 This capability
enables detection of regional emission enhancements from
spatially aggregated sources exceeding approximately 5–10
tonnes CH4 per day under favourable atmospheric conditions.
Applied to livestock-dense regions, TROPOMI successfully
identies methane signals from clusters of large dairy opera-
tions, feedlots, and concentrated poultry production zones.58

However, atmospheric transport rapidly dilutes point-source
emissions across multiple TROPOMI pixels within 30–60
Environ. Sci.: Adv.
minutes, confounding source attribution and introducing
systematic uncertainties in emission rate quantication
through inverse modeling.17

Critical evaluation of TROPOMI agricultural applications
reveals retrieval success rates of only 20–40% over mid-latitude
regions due to cloud cover, aerosol interference, and unfav-
ourable surface albedo.18,59 This temporal sampling introduces
systematic biases where observations disproportionately repre-
sent clear-sky, low-aerosol conditions that may correlate with
meteorological factors such as temperature, humidity, and
boundary layer dynamics, thereby affecting emissions. Valida-
tion against aircra campaigns demonstrates a TROPOMI
accuracy of 15–25% for regional emission totals but substan-
tially larger errors (30–60%) when attributing emissions to
specic source categories within heterogeneous agricultural
landscapes.60 Furthermore, TROPOMI cannot distinguish
biogenic agricultural methane from fossil fuel or wetland
sources without additional constraints from isotopic measure-
ments or integrated emission inventory models.58

GHGSat's constellation with 25 m spatial resolution and
detection threshold ∼300–500 kg CH4 per h, enables individual
facility methane monitoring for large livestock operations.11,49

Validation studies using controlled release experiments
demonstrate quantication uncertainties of 30–50% for emis-
sions exceeding 500 kg CH4 per h, improving to 20–30% for very
large sources (>2000 kg CH4 per h).11 However, three funda-
mental constraints limit comprehensive agricultural coverage.
First, tasking-based operations provide revisit intervals of weeks
to months for individual facilities, precluding continuous
monitoring or detection of transient emission events associated
with manure agitation, spreading, or episodic storage releases.
Second, detection thresholds exclude most small and medium-
scale operations; for instance, a representative 100-cow Cana-
dian dairy farm emits 50–100 kg CH4 per h on average, which is
below reliable detection limits.58 Third, commercial data access
costs per targeted observation constrain comprehensive moni-
toring to high-priority facilities, regulatory enforcement cases,
or well-funded research campaigns.49
4.2 Carbon dioxide monitoring: challenges and context

Atmospheric carbon dioxide (CO2) observations from OCO-2,
OCO-3, and GOSAT-2 achieve a column-averaged precision of
0.5–1.0 ppm, theoretically sufficient for anthropogenic source
detection given atmospheric backgrounds of ∼420 ppm.30,31,50

However, the substantial biospheric carbon uxes, comprising
gross primary productivity and ecosystem respiration and typi-
cally ranging between 4 and 12 g C per m2 per day across agri-
cultural landscapes, exceed point-source anthropogenic
emissions by one to two orders of magnitude, thereby obscuring
direct facility-scale detection during the growing season.61,62

Livestock-associated CO2 emissions, which are primarily from
energy use in housing, feed production, and manure treatment
represent only 10–30% of total farm-gate carbon footprints,
with the remainder attributed to biogenic sources and upstream
supply chain emissions already captured through established
accounting methodologies.63
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Despite these limitations, satellite CO2 observations provide
valuable context for agricultural emission monitoring through
two pathways. First, seasonal CO2 ux dynamics impose
signicant constraints on biospheric carbon cycle models that
are used to estimate agricultural soil carbon sequestration and
crop residue decomposition rates, both of which are critical
components of net greenhouse gas footprint assessments.62

Second, future missions including the Copernicus Anthropo-
genic Carbon Dioxide Monitoring Mission, planned for launch
in 2026, will deliver co-located CO2 and NO2 observations,
facilitating fossil fuel CO2 attribution through NO2 : CO2 ratio
analysis, which may also be applicable to intensive livestock
operations that utilize natural gas for heating or anaerobic
digester systems.64 However, these applications remain indirect
indicators rather than direct livestock emission measurements,
maintaining primary reliance on bottom-up process models for
facility-level CO2 quantication.56
4.3 Nitrous oxide: the absent dimension

No currently operational satellite platform provides nitrous
oxide (N2O) observations with sensitivity adequate for agricul-
tural source monitoring. N2O atmospheric concentration (∼335
ppb) and weak spectral features require prohibitively high
signal-to-noise ratios to detect anthropogenic enhancements
above background variability.65 Proposed missions including
the European Space Agency's NITROS (Nitrous Oxide Remote
Sensing Mission) target an N2O column precision of 1–2 ppb,
theoretically enabling detection of large emission hotspots (>10
kg N2O-N per ha per day) such as heavily fertilized feed crop
areas or manure application events.66 However, even these
ambitious capabilities would provide only regional-scale
constraints rather than facility-level attribution.

This N2O observational gap constitutes a critical limitation
for comprehensive livestock emission monitoring, as manure
management and feed production N2O collectively represent
20–40% of dairy and poultry GHG footprints in CO2-equivalent
terms (applying a 100-year global warming potential of 273).65

Current monitoring frameworks must therefore rely exclusively
on process-basedmodels or direct ground-based measurements
for N2O quantication, approaches exhibiting even larger
uncertainties (50–100%) than methane methodologies due to
pronounced spatiotemporal variability and poorly understood
controlling factors.67 Until satellite based N2O capabilities
mature, integrated monitoring systems remain fundamentally
incomplete, constraining verication of mitigation interven-
tions targeting nitrogen management optimization or manure
treatment technology adoption.68

Bridging this observational gap requires strategic deploy-
ment of complementary measurement pathways.8 Soil moisture
retrievals from RADARSAT offer indirect N2O constraints,55

since post-rainfall soil saturation events reliably trigger anaer-
obic conditions driving pulsed N2O emissions.65 Machine
learning models trained on fertilizer application records,
weather patterns, and historical N2O measurements can
provide facility- and regional-scale estimates,24 while the
approach builds on advances in theory-guided data science that
Environ. Sci.: Adv.
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combines mechanistic process understanding with empirical
pattern recognition.34 Ground-based sensor networks strategi-
cally deployed at manure application zones, lagoon discharge
points, and feed production elds capture episodic emissions
where point-source sensitivity is the highest. These hybrid
approaches represent near-term research opportunities that
should proceed in parallel with satellite technology develop-
ment.16 Addressing this fundamental limitation requires
immediate near-term research investment to enable compre-
hensive monitoring.
5 Detection of bottlenecks and
atmospheric retrieval challenges

Beyond nominal platform specications, operational satellite
GHG monitoring confronts systematic detection challenges
rooted in atmospheric physics, instrument design constraints,
and retrieval algorithm assumptions. This section critically
examines three fundamental bottlenecks that limit agricultural
application: temporal sampling biases, spectral interference
effects, and validation infrastructure decits.
5.1 Temporal sampling and cloud contamination

Passive remote sensing systems including TROPOMI, OCO-2/3,
and GOSAT-2 require cloud-free conditions and adequate solar
illumination, restricting observations to daytime clear-sky sc-
enes. Global cloud climatologies indicate 60–70% cloud cover
over mid-latitude agricultural regions, reducing potential daily
TROPOMI observations to 30–40% actual successful
retrievals.18,19 This sampling bias is especially pronounced at
high latitudes, where livestock production in Canada and
northern Europe is concentrated, as winter months (November
to February) yield less than 5% successful satellite retrievals
above 50°N due to low solar zenith angles, limited daylight
duration, and persistent cloud cover.58,59,69 Consequently,
annual emission estimates derived from satellite observations
disproportionately weight summer months, potentially missing
cold-season manure storage dynamics or seasonal diet transi-
tions affecting enteric fermentation.

Quantifying the impact of temporal sampling biases reveals
substantial systematic errors in annual emission estimates.12

Seasonal patterns in livestock emissions, including higher
winter emissions from conned housing systems due to
intensive feeding and stable conditions, oen represent only
a fraction of satellite observations due to retrieval failure rates
in winter conditions.58 Similarly, diurnal variations in manure
storage emissions are only partially captured by satellite over-
passes with midday-preferential observation windows.61 These
temporal sampling characteristics introduce systematic under-
estimation of annual emissions when satellite observations are
aggregated without accounting for missed seasonal and diurnal
cycles. Validation studies integrating satellite observations with
continuous eddy covariance ux tower measurements conrm
that these temporal biases emerge consistently across
temperate agricultural regions.67 The intermittency and vari-
ability of emission sources further complicate satellite-based
Environ. Sci.: Adv.
quantication, as concentrated livestock operations exhibit
non-uniform temporal dynamics that satellite constellation
designs with xed overpass times cannot fully capture.60

Systematic assessments of temporal representativeness
based on continuous ground-based observations reveal a crit-
ical sampling bias. Satellite measurements consistently under-
represent wet conditions, as cloud cover prevents retrievals
during and immediately following precipitation events, whereas
agricultural soil N2O emissions typically exhibit pronounced
post-rainfall pulses.65 Similarly, methane emissions from liquid
manure storage systems display diurnal cycles with factor-of-
two variations driven by temperature uctuations, yet satel-
lites observe only mid-day conditions.70,71 Current inverse
modelling frameworks implicitly assume that observed
concentrations represent temporal averages, an assumption
demonstrably violated when emission sources exhibit strong
diurnal or episodic behaviour not randomly sampled by satellite
overpass schedules.
5.2 Atmospheric transport uncertainties

Inferring surface emissions from column-averaged atmospheric
concentrations requires accurate atmospheric transport
modelling to relate observed enhancements to source locations
and emission rates. Transport models exhibit systematic errors
in boundary layer height (10–30%), vertical mixing parameter-
izations (15–40%), and sub-grid-scale plume dispersion (20–
50%) that propagate approximately linearly into emission rate
estimates.17,72 These uncertainties are not randomly distributed
but exhibit systematic biases related to topography, land
surface characteristics, and weather regimes. Mountainous
regions, coastal zones, and areas with heterogeneous land cover
experience particularly large transport errors due to complex
boundary layer dynamics inadequately captured by coarse-
resolution meteorological models.73

Validation of transport model performance requires inde-
pendent atmospheric observations at multiple vertical levels,
yet such data remain sparse over agricultural regions. Aircra
campaigns provide valuable constraints but typically cover
limited spatial extents (102–103 km2) and short durations (days
to weeks), potentially missing systematic biases emerging at
larger scales or under different meteorological conditions.60

Emerging networks of instrumented towers and UAV-based
measurements offer improved spatial coverage but introduce
new challenges in integrating observations at different scales
and ensuring long-term measurement continuity necessary for
establishing climatological transport error statistics.74
6 Spatial scaling and facility
attribution challenges

Agricultural landscapes exhibit emission source heterogeneity
spanning six orders of magnitude spatially, from individual
animal respiration events (10−2 m2) to regional livestock
production zones (104 km2), yet satellite footprints observe
atmospheric column integrals representing convolutions across
these scales. This section examines the scale mismatch problem
© 2026 The Author(s). Published by the Royal Society of Chemistry
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and attribution challenges that fundamentally constrain
facility-level emission quantication from space-based
observations.

6.1 The scale mismatch problem

Facility-level management decisions operate at scales of 102–104

m2 (individual barns, manure storage lagoons, and feed
production elds), while satellite observations integrate atmo-
spheric signals over 103–107 m2 (TROPOMI at 5.5 km pixels and
GHGSat at 25 m pixels). Atmospheric transport disperses point-
source emissions across satellite footprints within minutes to
hours, diluting concentration enhancements and confounding
source attribution.9 This dispersion process exhibits high vari-
ability depending on wind speed (factor of 5–10), atmospheric
stability (factor of 3–5), and boundary layer height (factor of 2–
3), introducing systematic uncertainties that current inverse
modelling approaches inadequately characterize.8

For moderate-resolution sensors like TROPOMI, atmo-
spheric transport typically disperses individual facility emis-
sions across 10–50 pixels before detection, making source
attribution dependent on prior knowledge of facility locations,
emission factors, and temporal activity patterns.9 This depen-
dence creates circular logic whereby satellite observations
intended to provide independent verication instead require
bottom-up emission estimates as prior constraints to enable
source attribution. The resulting posterior estimates blend
prior assumptions with observational information in ways that
obscure whether satellite data genuinely improve emission
quantication or merely reproduce prior distributions with
supercial modications.73

6.2 Multi-source attribution in heterogeneous landscapes

Agricultural regions rarely contain isolated emission sources.
Livestock facilities co-locate with intensive crop production,
wetlands, wastewater treatment plants, landlls, and fossil fuel
infrastructure, all contributing to observed atmospheric
methane enhancements.58 Distinguishing livestock-specic
contributions from this multi-source mixture requires addi-
tional constraints beyond total columnmethane observations.27

Isotopic measurements (d13CH4 and dD-CH4) provide source
discrimination capabilities, with biogenic agricultural sources
exhibiting characteristic isotopic signatures distinct from
thermogenic fossil fuel methane.75 However, current satellite
platforms lack isotopic measurement capability, restricting this
approach to aircra campaigns or ground-based networks.
Emerging technologies including drone-mounted isotopic
analyzers and portable GC-IRMS (gas chromatography-isotope
ratio mass spectrometry) systems are reducing deployment
costs and enabling broader geographic sampling.75 Integrating
isotopic constraints with satellite observations and machine
learning models can substantially improve source apportion-
ment accuracy, particularly in regions with mixed emission
sources from agriculture, fossil fuel extraction, and natural
wetlands.33

Current measurement capability is oen restricted to aircra
campaigns or ground-based networks. Machine learning
© 2026 The Author(s). Published by the Royal Society of Chemistry
approaches offer alternative attribution strategies by learning
characteristic spatial patterns, temporal cycles, and co-variates
associated with different source types. Convolutional neural
networks trained on high-resolution optical imagery (Sentinel-
2) can identify farm infrastructure types, estimate livestock
populations, and classify management practices correlated with
emission patterns.15 However, these indirect approaches intro-
duce additional uncertainties: classication accuracies for
agricultural features typically range from 70–85%, and rela-
tionships between observable proxies and emissions remain
imperfectly understood, particularly for novel management
practices or mitigation technologies underrepresented in
training datasets.13
7 AI/ML approaches and algorithmic
transparency

Articial intelligence and machine learning methodologies
offer capabilities for integrating heterogeneous data streams,
identifying complex nonlinear relationships, and predicting
emissions where direct measurements are impractical.
However, critical examination reveals fundamental trade-offs
between prediction accuracy, mechanistic interpretability,
data requirements, and extrapolation capacity that constrain
agricultural emission monitoring applications (Table 4).
7.1 Ensemble tree methods: performance and limitations

Random forests, gradient boosting machines (XGBoost and
LightGBM), and related ensemble tree methods represent the
most widely adopted machine learning approaches for agri-
cultural emission prediction, achieving R2 = 0.65–0.80 for
enteric fermentation and manure emissions when trained on
comprehensive datasets.24 These algorithms offer advantages in
the form of robust handling of nonlinear relationships, resis-
tance to overtting through ensemble averaging, minimal
hyperparameter tuning requirements, and natural interpret-
ability through feature importance metrics. However, rigorous
cross-validation using spatially or temporally independent test
sets where validation farms or time periods are excluded from
model training consistently demonstrates performance degra-
dation to R2 = 0.40–0.60 and mean absolute percentage errors
increasing from 10–15% (facility-to-regional aggregated
predictions) to 25–40% (farm-level estimates).21,24

This performance degradation reects fundamental limita-
tions of tree-based methods in extrapolating beyond training
data distributions. Decision trees partition the feature space
based on observed data, inherently struggling to predict
outcomes for novel combinations of input variables or values
outside the training range.82 Applied to emission monitoring,
this limitation manifests critically when evaluating mitigation
technologies (feed additives and manure treatment systems),
emerging genetics, or management practices underrepresented
in historical datasets which are precisely the scenarios where
accurate predictive capability would offer the greatest value for
informing adoption decisions. Feature importance analysis
provides interpretability advantages but exhibits instability
Environ. Sci.: Adv.
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under different algorithm implementations, hyperparameter
selections, and dataset subsampling strategies, complicating
mechanistic inference.83

7.2 Deep learning: data hunger and interpretability decits

Deep neural networks, particularly convolutional architectures
for satellite imagery analysis and recurrent/transformer models
for time series prediction, demonstrate superior performance
on large-scale structured data compared to traditional
methods.14 Applications to agricultural emission monitoring
include direct CH4 prediction from TROPOMI observations,
temporal pattern modelling integrating weather and manage-
ment cycles, and multi-modal fusion of satellite, meteorolog-
ical, and farm activity data. However, deep learning typically
requires training datasets of 104–106 examples to achieve robust
performance, whereas agricultural emission measurements
number only 102–103 well-characterized cases globally.20,77 This
data scarcity necessitates transfer learning, synthetic data
augmentation using process-based model simulations, or
physics-informed constraints, each introducing new assump-
tions and uncertainties.

Interpretability challenges pose particularly acute problems
for agricultural applications where stakeholder acceptance
depends on understanding system behaviour. Farmers, advi-
sors, and policymakers rightfully demand explanations for
emission predictions that inuence investment decisions,
regulatory compliance, or market access.20 While explainable AI
techniques (SHAP values, attention visualization, and concept
activation vectors) provide partial transparency, these generate
post-hoc explanations of opaque models rather than inherently
interpretable representations. The resulting ‘explanations’ may
satisfy psychological needs for understanding without ensuring
that predictions remain valid under novel conditions or iden-
tifying cases where model condence is unjustied.21

7.3 Physics-informed machine learning: bridging data and
mechanisms

Physics-informed neural networks (PINNs) and hybrid model-
ling approaches that combine data-driven learning with mech-
anistic process understanding represent a promising
methodological frontier.34,84 These frameworks constrain
predictions to obey physical laws such as mass balance, ther-
modynamic relationships, and stoichiometric constraints,
improving generalization beyond training data while reducing
requirements for large datasets. Agricultural emission applica-
tions include hybrid models combining IPCC emission factor
equations with neural network corrections for site-specic
conditions, and constrained optimization frameworks that
ensure predicted emissions satisfy energy conservation
principles.23

However, physics-informed approaches require explicit
specication of mechanistic relationships to be enforced,
introducing subjectivity in determining which physical
constraints merit hard enforcement versus so regularization.
Whenmechanistic models themselves exhibit systematic biases
as documented for N2O emission models under certain soil and
© 2026 The Author(s). Published by the Royal Society of Chemistry
weather conditions,67 enforcing agreement with these models
may degrade rather than improve predictions. Optimal inte-
gration of mechanistic knowledge and data-driven learning
likely varies across emission sources, production systems, and
geographic contexts, necessitating careful empirical evaluation
rather than assuming that physics-informed approaches are
uniformly superior.84

7.4 Transformer architectures: emerging opportunities and
data requirements

Transformer architectures warrant expanded consideration in
agricultural emission monitoring due to their prominence in
modern machine learning and growing utility in environmental
analytics.33 Their self-attention mechanisms allow models to
learn adaptive, context-dependent feature weightings,
capturing nonlinear interactions among satellite observations,
meteorological drivers, and facility-level characteristics without
manual feature engineering.78 In multi-temporal applications,
transformers excel at integrating satellite time series, extracting
seasonal dynamics, and detecting anomalous emission events
from sequential TROPOMI observations.32 Attention visualiza-
tion further enhances interpretability by identifying the spectral
bands, temporal lags, and landscape features most inuential
for predictions, supporting transparency in regulatory
contexts.21

Transfer learning from remote-sensing foundation models
offers a promising approach to mitigate the data scarcity that
currently limits agricultural GHG applications.34 However,
transformers typically require 105–106 training samples,
exceeding the size of most existing agricultural emission data-
sets.77 As satellite constellations expand and multi-year obser-
vational archives grow, these constraints will diminish. Under
such conditions, transformer-based models present a near-term
opportunity to improve predictive accuracy, temporal delity,
and interpretability relative to traditional ensemble
approaches.20

8 Integration framework: multi-scale
hybrid benchmarking

The preceding analysis converges toward a critical insight: no
single technology or approach provides comprehensive moni-
toring across heterogeneous spatial scales, temporal dynamics,
and production system diversity characterizing global livestock
agriculture. This section synthesizes disconnected elements
into an integrated hybrid framework (Fig. 3) that strategically
combines complementary strengths while explicitly addressing
limitations, uncertainties, and operational constraints.

8.1 Conceptual architecture

The proposed hybrid benchmarking system integrates three
complementary data streams operating at different scales: (1)
bottom-up farm activity modelling providing facility-level esti-
mates with monthly temporal resolution; (2) satellite remote
sensing enabling regional verication with weekly-to-monthly
cadence and targeted facility monitoring; and (3) articial
Environ. Sci.: Adv.
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Fig. 3 Hybrid multi-scale monitoring framework integrating bottom-up models, satellite observations, and AI to verify agricultural GHG
emissions with reduced uncertainty across scales.
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intelligence-driven fusion synthesizing heterogeneous observa-
tions into coherent emission estimates with quantied uncer-
tainties. This multi-scale architecture explicitly addresses the
Environ. Sci.: Adv.
scale mismatch problem by bridging facility management
decisions (102–104 m2), satellite observations (103–107 m2), and
regional inventory estimates (106–109 m2).16,17,76
© 2026 The Author(s). Published by the Royal Society of Chemistry

http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d5va00425j


Critical Review Environmental Science: Advances

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 0

4 
Fe

br
ua

ry
 2

02
6.

 D
ow

nl
oa

de
d 

on
 4

/6
/2

02
6 

9:
04

:1
5 

PM
. 

 T
hi

s 
ar

tic
le

 is
 li

ce
ns

ed
 u

nd
er

 a
 C

re
at

iv
e 

C
om

m
on

s 
A

ttr
ib

ut
io

n-
N

on
C

om
m

er
ci

al
 3

.0
 U

np
or

te
d 

L
ic

en
ce

.
View Article Online
Bottom-up emission modelling employs IPCC Tier 2/3
approaches using farm activity data (livestock populations,
feed composition, and manure management characteristics)
combined with region-specic emission factors. For partici-
pating farms providing detailed records, the system imple-
ments farm-specic modelling analogous to existing tools
(Holos). For non-participating operations, regional emission
factors derived from agricultural census data and representative
farm surveys provide baseline estimates. This stratied
approach balances data availability constraints against accuracy
requirements: detailed modelling where possible and defen-
sible approximations where necessary.26

Satellite remote sensing components prioritize observational
resources where they provide the greatest marginal value. High-
resolution targeted monitoring (GHGSat and Carbon Mapper)
focuses on large facilities exceeding detection thresholds and
where bottom-up uncertainties are the highest including oper-
ations with anaerobic lagoons, rapidly changing management
practices, or incomplete activity data. Moderate-resolution
TROPOMI observations enable regional emission aggregation
at province or sub-province scales, providing independent
verication of inventory totals and identifying systematic biases
in emission factors or spatial allocation. Complementary
optical/radar observations (Sentinel-2 and RADARSAT) charac-
terize farm infrastructure, management practices, and envi-
ronmental conditions relevant to process-based modelling.
8.2 AI fusion and architectural selection

Articial intelligence and machine learning methodologies
offer capabilities for integrating heterogeneous data streams,
identifying complex nonlinear relationships and predicting
emissions where direct measurements are impractical.13–15

However, no single algorithm or architecture provides
comprehensive monitoring across all agricultural systems and
operational contexts. Rather than selecting a single best
approach, the proposed hybrid framework strategically deploys
distinct AI architectures to mitigate the individual limitations
identied in Table 4, leveraging complementary strengths while
explicitly addressing weaknesses through contextual selection
and integration. The fundamental trade-offs between predic-
tion accuracy, mechanistic interpretability, data requirements,
and extrapolation capacity necessitate a multi-architecture
approach where each method's deployment is matched to the
problem context where its strengths dominate its weaknesses.

Ensemble tree methods (Random Forest, XGBoost, and
LightGBM) serve as baseline predictors for farms with
moderate-quality activity data and established operational
records. Although tree-based approaches achieve R2= 0.65–0.80
on training data, they degrade to R2 = 0.40–0.60 under spatial
and temporal extrapolation (Section 7.1), reecting funda-
mental limitations in predicting outcomes for novel combina-
tions of input variables or values outside training ranges.24,82

Within the hybrid framework, this limitation is mitigated
through two mechanisms: (1) strategic deployment only for
facilities within training data distributions where robust
nonlinear pattern recognition and interpretability advantages
© 2026 The Author(s). Published by the Royal Society of Chemistry
outweigh extrapolation decits; and (2) ensemble variance
estimation from multiple tree-based implementations enables
uncertainty agging, automatically triggering higher-
complexity models when predictions diverge substantially.
This stratied approach concentrates ensemble methods where
their strengths (computational speed, transparency, minimal
hyperparameter tuning, and natural feature importance
metrics) provide the maximum value while avoiding deploy-
ment contexts where extrapolation decits would compromise
accuracy.

Physics-informed neural networks (PINNs) and mechanistic
constraint-enforced approaches directly address the extrapola-
tion limitation through explicit incorporation of physical
laws.34,84 For novel mitigation technologies or management
practices that are underrepresented in training data, which are
precisely the scenarios where accurate predictive capability is
most valuable for adoption decisions, PINNs enforce mass
balance, stoichiometric, and thermodynamic relationships,
thereby enabling reliable prediction beyond the training data
distribution where standard deep learning models oen fail
catastrophically. However, since mechanistic models them-
selves exhibit systematic biases (particularly for N2O emission
dynamics under certain soil and weather conditions), PINNs are
deployed selectively for scenarios where physical laws provide
hard constraints (enteric methane bioconversion efficiency and
energy conservation in housing systems) while using so reg-
ularization where processes remain mechanistically uncertain
(soil N2O release dynamics and emission pulses from complex
organic matter decomposition). This conditional deployment
strategy exploits PINN advantages in constraining predictions
while preventing degradation from over-constrained mecha-
nistic assumptions that may themselves be imperfect.

Deep learning architectures (convolutional networks for
spatial pattern extraction from satellite imagery and recurrent
and transformer models for temporal sequence analysis) are
reserved for scenarios where large training datasets and non-
linear complexity justify their substantial data require-
ments.32,33,78 Rather than attempting to train monolithic deep
models on limited agricultural emission datasets, the frame-
work employs transfer learning from remote-sensing founda-
tion models trained on millions of satellite images and
temporal sequences, reducing data requirements from 105–106

to 102–103 samples. Temporal transformer models integrate
multi-year satellite observation sequences, meteorological
drivers, farm activity patterns, and facility-level characteristics
to capture complex seasonal dynamics and detect anomalous
emission events, which are tasks where sequence models
demonstrably outperform traditional ensemble approaches.
Critically, this architecture is applied exclusively to the subset of
facilities with continuous multi-year satellite observations and
complete temporal coverage, where deep learning's data hunger
is satised rather than forcing deployment where datasets
remain sparse or fragmented.

Bayesian hierarchical models serve as the integrative
framework connecting these diverse methodologies through
probabilistic synthesis. Rather than relying on any single
architecture's posterior estimates, the framework treats tree-
Environ. Sci.: Adv.
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based, PINN, and deep learning predictions as alternative data
sources with heterogeneous precision and systematic biases.
Hierarchical priors systematically adjust facility-specic emis-
sion estimates based on: (1) systematic discrepancies between
satellite-derived and process-model-based estimates revealed
through regional aggregation, indicating potential biases in
either data stream; (2) agreement patterns among independent
AI architectures where high concordance indicates robust esti-
mation and substantial divergence signals unresolved uncer-
tainty; and (3) facility metadata (production intensity,
management sophistication, and technology adoption) indi-
cating relative trustworthiness of different estimation methods
for specic facility types. This probabilistic framework propa-
gates information from well-characterized facilities with
multiple data streams to under-characterized operations lack-
ing detailed activity records, enabling posterior renement
across the entire farm population.

Ensemble uncertainty quantication and transformer-based
diagnostic analysis serve as the orchestrating mechanism.
Rather than selecting a single best architecture, the framework
maintains ensemble predictions across all applicable method-
ologies for each facility, generating distributional estimates
from which comprehensive uncertainty metrics are derived.
High divergence among tree-based, PINN, deep learning, and
satellite-based estimates indicates unresolved uncertainty,
automatically triggering targeted investigation. Transformer-
based attention mechanisms characterize which specic
features, spectral bands, temporal patterns, or facility charac-
teristics drive prediction divergence; if predictions diverge
primarily when satellite information conicts with activity-
based models, this indicates problems in activity data quality
or spatial allocation; if uncertainty emerges specically under
a particular weather condition, this reveals mechanistic
knowledge gaps requiring process-based research. This diag-
nostic capacity transforms ensemble disagreement from
a liability into actionable information for system improvement
and prioritization of future research efforts.

The resulting hybrid architecture overcomes the false
dichotomy between interpretability and accuracy. Ensemble tree
methods provide transparent baselines with clear decision logic;
PINNs inject mechanistic knowledge grounded in physical
theory; deep learning extracts complex nonlinear patterns from
high-dimensional satellite and temporal data; and Bayesian
integration provides coherent probabilistic synthesis accounting
for correlated uncertainties. Each architecture's deployment is
strategically matched to the problem context where its strengths
dominate its weaknesses, enabling the framework to operate as
an adaptable, context-aware system rather than assuming any
single approach suits all monitoring scenarios.
8.3 Architectural selection and stakeholder trust

The design of the proposed hybrid architecture reects a delib-
erate commitment to transparency and stakeholder engage-
ment, rather than a narrow focus on technical optimization.
Each system component viz., ensemble tree models, physics-
informed neural networks, satellite-based constraints, and
Environ. Sci.: Adv.
Bayesian synthesis, is selected not only for analytical perfor-
mance but also for its ability to explain decisions and justify
emission estimates to affected stakeholders.

Ensemble methods provide clear feature-importance rank-
ings that reveal which farm-level characteristics most strongly
inuence emission estimates.24,85,86 Physics-informed models
make underlying mechanistic assumptions explicit and audit-
able, while satellite observations are grounded in independent
atmospheric measurements rather than proprietary algo-
rithms.34,69,91 Bayesian synthesis further enhances transparency
by explicitly quantifying uncertainty, enabling stakeholders to
understand condence levels and model limitations.17 This
transparency-by-design approach recognizes that monitoring
systems affecting livelihoods, regulatory compliance, and
market access must be socially and institutionally defensible
and not solely statistically robust.

While accuracy-optimized black-box models may yield
marginal performance gains,14,88 their opacity can undermine
system legitimacy and stakeholder trust.20 Accordingly, the
framework balances predictive accuracy, mechanistic inter-
pretability, and stakeholder transparency.22 Interpretability is
prioritized for facility-level decisions affecting individual
producers while less transparent deep learning approaches may
be used for regional or temporal pattern detection where
accountability concerns are reduced. This balanced approach
ensures monitoring systems are credible and accessible to
farmers, regulators, and the public, with governance and
participation mechanisms detailed in Section 10.

8.4 Quantitative uncertainty analysis and error propagation

The hybrid framework reduces facility-level emission moni-
toring uncertainties from the current 30–50% (inventory-based
approaches)7,16 to 15–25% through complementary mecha-
nisms. Current inventory approaches combine independent
error sources: activity data (5–20%),7,16 emission factors (10–
30%),24 process models (10–30%),60 and spatial allocation (10–
30%).62 Standard error propagation yields an analytical uncer-
tainty of approximately 35% for a typical facility; however,
empirical validation against satellite observations and direct
measurements conrms that realistic baseline uncertainties are
30–50% due to correlated errors among components. When
these independent error sources are combined through stan-
dard error propagation (assuming independence), analytical
uncertainty calculations yield:

s2(E_total) = s2(activity) + s2(factor) + s2(process) + s2(spatial)

The framework reduces uncertainty through four comple-
mentary mechanisms. First, machine learning renes activity
data from facilities with weak records by learning patterns from
well-characterized operations. For operations with $50%
activity data completeness, this approach reduces s(activity)
from 12% to 5%,33 enabling pattern transfer rather than reli-
ance on sparse direct measurements. Second, satellite obser-
vations (TROPOMI: ±15%, GHGSat: ±10%)65,66 provide
independent atmospheric emission constraints. Bayesian
© 2026 The Author(s). Published by the Royal Society of Chemistry
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integration of satellite and bottom-up estimates is formulated
as follows:

E_posterior = (E_prior/s2_prior + E_sat/s2_sat)/

(1/s2_prior + 1/s2_sat)

and

s2_posterior = 1/(1/s2_prior + 1/s2_sat)

For a bottom-up prior with s_prior = 0.35E and satellite
measurement with s_sat = 0.15E, the posterior uncertainty
becomes s_posterior = 0.133E (13% relative standard devia-
tion), representing a 2.6× improvement. This substantial
reduction reveals that satellite observations provide indepen-
dent constraints where bottom-up approaches are the weakest
(activity data gaps and process model biases), while bottom-up
methods provide facility-specic detail where satellite observa-
tions aggregate regionally.64,67

Third, physics-informed neural networks constrain the
process model structure for mechanistically well-understood
processes.34,69 For enteric methane, enforcement of stoichio-
metric relationships (substrate carbon and hydrogen content
determine maximum bioconversion products) reduces
s(process) from 15% (deep learning) to 8% (PINN-constrained),
a ∼50% reduction.60 This constraint-based approach is partic-
ularly effective for processes with strong underlying mecha-
nistic understanding but limited training data. Fourth,
ensemble averaging synthesizes multiple independent esti-
mates (bottom-up with alternative factors, satellite-based,
machine learning, and mechanistic models) into coherent
posterior distributions. For ve independent estimation
approaches each with s_i z 0.20E, ensemble mean uncertainty
is s(ensemble) = O(Ss2_i)/N z 0.089E (9%). Accounting for
partial correlation among approaches (r z 0.3) yields
s(ensemble) z 0.14E (14%), demonstrating substantial vari-
ance reduction even with imperfect independence.60

Combining these four mechanisms sequentially yields
a compound uncertainty reduction of 15–25% for well-
characterized operations.

The 15–25% uncertainty target applies under specic
conditions. The framework achieves the maximum benet for
(1) well-established operations with $2 years of operational
history enabling pattern learning;70 (2) facility-level scales (0.1–
10 km2) where satellite observations provide meaningful
constraints;65 (3) temporal averaging over $6-month periods
where seasonal dynamics are adequately sampled;62 (4) mech-
anistically well-characterized emission processes with sufficient
data for PINN training; and (5) activity data completeness
$50%, enabling meaningful machine learning pattern transfer.
Conversely, larger uncertainties (25–35%) persist for emerging
agricultural operations, smallholder and subsistence farms
with minimal record-keeping,72 tropical and subtropical
systems where process models are calibrated primarily on
temperate data,73 temporal scales less than 3 months where
satellite revisit frequency is insufficient, and extreme events
© 2026 The Author(s). Published by the Royal Society of Chemistry
(drought and disease outbreaks)71 where historical patterns
cannot predict rapidly changing conditions. Systematic biases
in either satellite retrievals or activity data reporting cannot be
reduced through statistical methods and require direct
measurement validation.64,68

Validation of these uncertainty projections requires
comparison to independent ground-truth measurements.
Essential validation approaches include (1) eddy covariance or
chamber sampling at 20–30 representative facilities spanning
the diversity of production systems, providing direct emission
measurements with typical uncertainty ±15–20%;74,75 (2)
regression analysis of framework estimates against indepen-
dent measurements, quantifying bias and residual scatter as
a function of facility characteristics; and (3) regional aggrega-
tion validation at county or sub-state scales where 50–100
facilities enable robust statistical comparison against bottom-
up inventories and independent atmospheric inversions. Such
validation work is beyond the scope of the current manuscript
but is essential for regulatory acceptance.7,77 Full publication of
comprehensive validation results should accompany any oper-
ational deployment of the framework.
8.5 Economic feasibility and implementation costs

To assess the practical implementation of the proposed hybrid
monitoring framework, systematic economic evaluation is
essential. Table 5 compares the per-farm monitoring costs
across three distinct approaches viz., satellite-only, hybrid
satellite-model integration, and ground-based validation,
contextualized against typical farm revenues and carbon credit
values. This analysis enables stakeholders to identify econom-
ically viable pathways stratied by production system scale and
monitoring objectives.

Economic viability must be contextualized against farm level
economics and regulatory requirements. For a representative
100-cow dairy operation in Canada generating $300 000–500 000
annual revenue, satellite-only monitoring ($500–2000 annually)
represents 0.3–0.7% of gross revenue, which is economically
feasible for voluntary carbon market participation.85,86 Hybrid
approaches ($100–300 annually) offer superior cost-
effectiveness for regional regulatory compliance, requiring
minimal additional infrastructure.87 Ground-based validation
networks ($10 000–30 000 annually per site) are justied only
when amortized across multiple facilities or integrated into
multi-purpose environmental monitoring programs.85 As
carbon credit prices increase (current voluntary market range:
CAD $15–50 per tonne CO2e), hybrid approaches become
increasingly attractive relative to direct emission reductions.

Policy frameworks should stratify monitoring requirements
by farm size and production intensity. Small and medium
enterprises (<50 head of cattle) should be eligible for subsidized
hybrid monitoring or cooperative pooled satellite observations,
analogous to extension service models.88 Large, concentrated
operations (>500 head) with demonstrable emissions >500 kg
CH4 per h should bear costs for targeted satellite monitoring or
on-site validation as a compliance condition, reecting
producer-pay principles embedded in regulatory frameworks.89
Environ. Sci.: Adv.
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This tiered approach balances environmental rigor with
economic feasibility across diverse production systems charac-
teristic of Canadian and international livestock agriculture.
9 Validation networks and
uncertainty quantification

Transitioning from proof-of-concept demonstrations to opera-
tional emission monitoring systems requires rigorous uncer-
tainty quantication and comprehensive validation against
independent measurements (Table 6). This section examines
validation infrastructure decits, uncertainty propagation
frameworks, and quality assurance protocols necessary for
regulatory acceptance and stakeholder condence.

Current satellite validation relies primarily on discrete
aircra campaigns and limited tower-based measurements,
constraining comprehensive assessment of retrieval accuracy
under diverse atmospheric conditions, land surface character-
istics, and emission source types.60 Aircra campaigns provide
valuable cross-validation but typically cover limited spatial
extents (102–103 km2) and short durations (days to weeks),
potentially missing systematic biases emerging at larger scales
or under different meteorological conditions. Furthermore,
most validation efforts concentrate in oil/gas production
regions or research facilities rather than agricultural land-
scapes, limiting direct applicability of reported accuracy metrics
to livestock emission monitoring contexts.85

Establishment of permanent ground-based ux tower
networks at representative dairy and poultry facilities, analo-
gous to existing networks for carbon cycle research (FLUXNET
and ICOS), would enable continuous validation data collection
supporting detection of systematic biases, seasonal accuracy
patterns, and impacts of meteorological conditions on retrieval
performance.86 Such infrastructure requires multi-year opera-
tional commitments and sustained funding beyond typical
research grant cycles, yet provides an essential foundation for
operational monitoring system credibility. Complementary
mobile measurement platforms (vehicle-based systems, UAVs,
portable emission quantication equipment) enable targeted
validation campaigns at facilities where permanent infrastruc-
ture is impractical.74

Integration of satellite observations into official greenhouse
gas inventory reporting requires quality assurance frameworks
ensuring consistency with UNFCCC reporting guidelines and
IPCC methodological standards. The Global Stocktake process
under the Paris Agreement increasingly emphasizes indepen-
dent verication of national inventory estimates through
satellite observations, yet formal protocols for incorporating
top-down constraints remain underdeveloped.4 Key challenges
include (1) reconciling satellite-derived emission estimates with
bottom-up inventory methodologies designed for different
spatial scales and temporal aggregation periods; (2) establish-
ing uncertainty quantication frameworks compatible with
inventory uncertainty assessment approaches; and (3) devel-
oping transparent procedures for resolving discrepancies
© 2026 The Author(s). Published by the Royal Society of Chemistry
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Table 6 Comparison of greenhouse gas validation platforms

Validation platform Approximate cost Temporal resolution Estimated uncertainty Scalability

Satellite retrieval Low-medium (per unit) Continuous/regular
(hour-to-daily)

High (∼30%+) Very high geographic
coverage; agriculture-
specic adaptation
required9,19

Aircra campaigns Medium-high (campaign) Episodic (days-to-weeks) Moderate (∼20%) Moderate; logistical
constraints limit repeated
coverage60,90

Permanent ux towers
(farm-scale)

Medium (capital + ops) Continuous
(sub-hour to hourly)

Low (∼10% or better) Low to moderate; cost and
site representativeness limit
network size52,91

Mobile platforms
(UAV/vehicle)

Low-medium (setup & ops) Targeted but episodic Moderate (∼15%) Moderate; exible
deployment but not
continuous large-scale
coverage74,92
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between satellite observations and inventory estimates that
avoid undermining condence in either approach.7

10 Ethical, societal, and data
governance considerations
10.1 Privacy, surveillance, and commercial sensitivity

Spatial explicit emission monitoring of agricultural operations
introduces complex sociotechnical challenges involving privacy,
data ownership, regulatory compliance, and equitable access to
verication technologies. These dimensions are frequently
overlooked in technical evaluations, yet are essential for oper-
ational deployment and stakeholder acceptance. High-
resolution imagery combined with AI-driven inference can
approximate livestock numbers, management patterns, and
facility infrastructure, generating legitimate privacy concerns.93

Although atmospheric methane measurements fall within the
public domain, facility-specic emission estimates and derived
management characteristics represent commercially sensitive
information that producers reasonably expect to control.
Balancing transparency required for credible climate policy
verication with condentiality necessary for producer partici-
pation remains a persistent tension.

10.2 Equity and fairness in verication access

Emerging satellite and AI monitoring systems risk creating
asymmetric verication burdens and opportunities if imple-
mentation fails to address farm size heterogeneity. Operation-
alizing equitable access requires specic mechanisms stratied
by producer scale and nancial capacity. Small- and medium-
scale operations lacking high-resolution detection capability
should access verication through the following pathways:

(1) Tiered verication pathways where farms below indi-
vidual detection thresholds (typically <500 kg CH4 per hour)
meet verication requirements through facility-level activity
data documentation rather than satellite-independent
conrmation.94

(2) Pooled monitoring consortia enabling cooperative
aggregation, where small producers combine emissions
accounting to achieve detection threshold scales.95
© 2026 The Author(s). Published by the Royal Society of Chemistry
(3) Public subsidy programs analogous to agricultural
extension services that offset monitoring infrastructure costs
for farmers with limited prot margins.96

(4) Performance-based crediting structures that reward effi-
ciency improvements and mitigation adoption regardless of
absolute emissions,97 enabling smaller producers to participate
in carbon markets based on relative performance rather than
absolute emission reductions.

These tiered approaches must be coupled with technical
assistance, capacity building programs, and transparent gover-
nance structures ensuring producer voice in system design.

10.3 Data ownership and governance structures

Effective data governance frameworks must therefore establish
clear ownership rights for satellite-derived emission data,
dene acceptable use conditions that prevent punitive
enforcement, restrict exploitation by competitors or nancial
institutions, and incorporate meaningful farmer consent
mechanisms, despite the reality that atmospheric observations
occur independently of landowner approval. Addressing these
intersections requires sustained engagement with producer
associations, privacy advocates, legal scholars, and environ-
mental regulators. Equity concerns emerge when bench-
marking systems detect primarily large livestock facilities,
potentially excluding small- and medium-scale operations that
constitute 60–70% of farm numbers in many regions.36 Such
asymmetry risks reduced eligibility for carbon market partici-
pation and increased regulatory burden for producers with
limited prot margins and technical capacity.

10.4 Environmental justice and spatial disparities

Environmental justice considerations are particularly acute
where intensive livestock production concentrates in proximity
to vulnerable communities. In North Carolina, hog CAFOs are
disproportionately located in the Black Belt region, where resi-
dents face elevated exposure to ammonia, hydrogen sulphide,
and odor-related health impacts including respiratory illness,
gastrointestinal disease, and elevated blood pressure.98,99

Concurrent expansion of poultry operations in Duplin and
Sampson counties compounds these cumulative pollution
Environ. Sci.: Adv.
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burdens, with 93% of poultry facilities located within three
miles of existing swine operations in communities where over
50% of residents are people of colour.100

Geographic concentration of intensive livestock production in
specic regions such as southern Alberta, the Fraser Valley, and
southwestern Ontario in Canada further amplies spatial
disparities, producing benets or penalties based on location
rather than management quality.58 Mitigating these inequities
requires alternative verication pathways such as cooperative
aggregation, representative sampling, or performance-based
proxies coupled with technical assistance programs and incen-
tive structures rewarding efficiency improvements.48 Environ-
mental justice considerations are necessary where production
intensication intersects with already burdened communities.89

11 Future research priorities

Despite substantial advances in satellite remote sensing, articial
intelligence, and emission modelling, signicant research gaps
constrain accuracy, operational scalability, and stakeholder con-
dence. This section identies ve priority research frontiers
requiring sustained investment to enable the transition from proof-
of-concept demonstrations to routine operational deployment.

11.1 Permanent ground-based validation networks

Optimal network design requires 15–25 core sites strategically
distributed across major livestock production regions, agro-
climatic zones, and facility types, complemented by mobile
measurement campaigns. Site selection must explicitly represent
livestock production system diversity and geographic variation in
climate and soil properties.101 Infrastructure specications
include capital establishment costs of CAD $2–5 million across all
sites, with individual tall tower installations ranging from CAD
$150 000–300 000 each.102 Annual operational costs are estimated
at CAD $0.5–1 million per site for data management, sensor
calibration, and site maintenance, costs that reect the
complexity of long-term ux measurement systems.103 Gover-
nance structures should bemodelled on established international
networks such as ICOS and FLUXNET, combining university
research institutions, government environmental agencies, and
commodity organization partnerships.104 This distributed gover-
nance model, with formal legal status and sustained funding
mechanisms, ensures continuity beyond typical research grant
cycles. Phased deployment should establish core sites over 5 years
with long-term operations sustained over 10+ years to capture
inter-annual climate variability and extremes. Such multi-year
operational commitments and sustained infrastructure provide
an essential foundation for operational monitoring system cred-
ibility and continuous algorithm improvement.

11.2 Scale-bridging and attribution methodologies

Developing rigorous frameworks that explicitly represent multi-
scale emission processes from facility emissions (102–104 m2)
through atmospheric transport (104–106 m2) to satellite observa-
tions (103–107 m2) rather than applying ad hoc corrections repre-
sents a critical methodological frontier. Promising approaches
Environ. Sci.: Adv.
include hierarchical Bayesian models that constrain ne-scale
emissions based on coarse-scale observations while respecting
physical relationships across scales, and super-resolution tech-
niques (computational methods that enhance the combination of
satellite observations with high-resolution contextual data) to infer
facility-level emission patterns.17 Advanced source apportionment
techniques integrating prior knowledge, atmospheric dispersion
modelling, and statistical inference are needed to attribute
observed concentration enhancements to specic sources within
heterogeneous agricultural landscapes.72
11.3 Causal inference for novel management practices

Most machine learning applications employ correlation-based
prediction rather than causal inference, limiting their capacity
to accurately predict outcomes under novel conditions or eval-
uate counterfactual scenarios. Developing causal frameworks
requires carefully designed observational studies or natural
experiments where specic management changes can be iso-
lated from confounding factors, combined with mechanistic
process understanding that constrains plausible causal path-
ways.105 This causal inference challenge becomes particularly
acute when evaluating emerging mitigation technologies (feed
additives, alternative manure treatment systems, and precision
feeding) where historical data are limited. Physics-informed
machine learning approaches that constrain predictions using
mechanistic relationships offer partial solutions, yet require
explicit specication of relevant mechanisms that may them-
selves be poorly understood for transformative interventions.84
11.4 Integration with broader sustainability metrics

Exclusive focus on greenhouse gas emissions risks optimizing
single metrics while potentially degrading other sustainability
dimensions (nutrient management, biodiversity, water quality,
animal welfare, and socioeconomic outcomes). Integrated
assessment frameworks that simultaneously evaluate multiple
sustainability indicators provide more comprehensive perfor-
mance characterization, yet introduce methodological challenges
in metric weighting, trade-off quantication, and communication
of multi-dimensional outcomes.2 Developing such frameworks
necessitates interdisciplinary collaboration that spans the agro-
nomic, environmental, economic, and social sciences, each
characterized by distinct analytical traditions, data availability
constraints, and stakeholder engagement approaches. Practical
deployment may necessitate phased approaches beginning with
a GHG focus, but establishing data infrastructure and governance
frameworks enabling future expansion to additional indicators.
12 Bridging research to practice:
global implementation, pathways, and
constraints
12.1 Global production system diversity and technology
suitability

The review emphasizes centralized production systems in North
America and Europe; however, 70% of global cattle populations
© 2026 The Author(s). Published by the Royal Society of Chemistry
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are in developing countries with fundamentally different
production structures. India's 85 million smallholder dairy
farmers operate 1–2 hectare farms with 2–5 animals; Brazil
relies on dispersed rangelands; China maintains heterogeneous
production from intensive peri-urban facilities to extensive
rangelands. These dispersed systems, representing the majority
of global livestock, require different monitoring technologies
from CAFOs.

Monitoring technology suitability is production-system
dependent. High-resolution satellites (GHGSat, 25 m resolu-
tion) detect concentrated facilities exceeding 300–500 kg CH4

per h but cannot detect individual smallholder farms with lower
emissions.11,12 Conventional sensors ($50 000–200 000 per
facility) are economically justied for developed-country oper-
ations spreading costs across thousands of animals, but are
cost-prohibitive for smallholdings where annual per-animal
prot margins ($100–500 USD) fall below per-animal moni-
toring costs ($50–250 USD). Complex AI models (R2= 0.85–0.95)
for centralized systems degrade substantially (R2 = 0.4–0.6)
when applied to smallholder farms with heterogeneous prac-
tices and sparse records.13,24

For dispersed systems, alternative technologies include
appropriate medium-resolution satellites (TROPOMI/MODIS,
5–100 km resolution),9,10 simplied IPCC Tier 2 process
models, and community-level monitoring through coopera-
tives. This integrated approach achieves 15–25% uncertainty at
regional scales comparable to centralized system performance
while remaining economically feasible.5 India's 84 000 plus
dairy cooperatives, already collecting daily milk production
data, could implement monitoring protocols at negligible
additional cost.36
12.2 Cost solutions and policy-specic framework
conguration

Commercial satellite data costs ($1000–5000 USD per scene)
make national-scale deployment infeasible for most developing
countries. However, free public satellite data (TROPOMI daily
global coverage; Landsat/Sentinel-2 at 10–30 m; MODIS at 250
m) enable regional verication and multi-farm aggregation at
zero cost.9,10 International mechanisms (Earth Engine, Coper-
nicus, Green Climate Fund, and ESA programs) provide free or
subsidized access for developing countries. Regional coopera-
tion through South–South data sharing and CGIAR support
enables cost-sharing.1

A staged implementation approach aligns deployment with
available resources. Stage 1: establish baselines using free
MODIS/TROPOMI and census data while building capacity
through international partnerships. Stage 2: deploy medium-
resolution Landsat/Sentinel-2 monitoring and community-
level data collection. Stage 3: integrate commercial data if
climate nance becomes available.

Framework implementation must be explicitly tailored to
policy requirements. Voluntary carbon markets (±15–25%
uncertainty, annual verication) cost $1000–3000 USD per
project. Corporate Scope 3 disclosure (±20–30%, supply chain
scale) costs $2000–5000 USD per 100 farms. UNFCCC inventory
© 2026 The Author(s). Published by the Royal Society of Chemistry
reporting (±30–50%, national scale, 5-year cycles) costs $1 000
000–3 000 000 USD per cycle.7 CBAM trade mechanisms (±10–
15%, facility scale) require commercial satellite verication at
$50 000–200 000 USD annually per large facility.2,94 Each regime
requires different congurations; the framework remains
sound when appropriately tailored.
12.3 N2O monitoring – realistic assessment of alternatives

Direct N2O monitoring at the farm scale with carbon market
precision (±15–25%) is currently infeasible. RADARSAT/
Sentinel-1 soil moisture inversion correlates N2O with soil
moisture (r = 0.7–0.8 in experiments)65 but achieves only ±50–
70% uncertainty at the farm scale which is suitable for direc-
tional trends, not facility-level estimation.66,67 Machine learning
models achieve R2 = 0.60–0.75 in data-rich regions but degrade
to R2 = 0.35–0.50 in developing countries with limited eld
measurements (typically 10–100 observations).70 Mechanistic
models (DNDC and DayCent) reach ±30–45% uncertainty at
research stations but ±50–70% in developing-country contexts,
lacking detailed soil characterization.67,68

A realistic N2O monitoring strategy employs three
application-specic pathways: (1) national inventories: apply
IPCC Tier 3 mechanistic models accepting ±40–50% uncer-
tainty appropriate for 5-year cycles.5 (2) Regional monitoring:
combine satellite soil moisture with empirical models for
directional indicators (±50–70%), assessing whether manage-
ment changes cause systematic N2O shis (e.g., continuous to
rotational grazing).65 (3) Carbon markets: adopt management
practice-based methodologies using IPCC default factors
modied by practice category, eliminating the need for farm-
level precision.94
13 Conclusions

Advances in satellite remote sensing and articial intelligence
offer a credible pathway to transform agricultural greenhouse
gas monitoring from periodic inventory exercises into contin-
uous, decision-support systems. When supported by permanent
validation networks, transparent and interpretable algorithms,
equitable access mechanisms, and long-term institutional
commitment, these technologies can enable real-time bench-
marking of farm-level performance, rapid assessment of miti-
gation effectiveness, and transparent verication of climate
commitments. This transformation illustrates how technolog-
ical innovation, when coupled with inclusive governance and
sustained stakeholder engagement, can simultaneously
advance climate action and reinforce food security, a dening
challenge for twenty-rst-century agricultural sustainability.
This review has assessed the convergence of high-resolution
methane detection, regional atmospheric monitoring, and AI-
enabled data fusion for livestock agriculture, highlighting
both the substantial gains and the remaining constraints that
shape operational deployment. GeoAI systems have the poten-
tial to reduce emission-estimate uncertainties from current
levels of 30–50% to approximately 15–25% in well-characterized
production regions, thereby strengthening verication of
Environ. Sci.: Adv.
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mitigation outcomes and enabling credible participation in
carbon markets. Yet persistent trade-offs between accuracy,
spatial and temporal coverage, and economic feasibility cannot
be resolved through technological advances alone. A hybrid,
multi-scale benchmarking framework combining farm-level
activity modelling for broad coverage, satellite observations
for independent verication above detection thresholds, and
machine-learning approaches for fusion of heterogeneous
datasets offers a pragmatic path forward. Achieving these goals
will require sustained interdisciplinary collaboration spanning
atmospheric science, agricultural engineering, machine
learning, economics, and policy. With strong research infra-
structure, domestic satellite capabilities, and supportive policy
frameworks, Canada is well positioned to lead in operational-
izing such systems. Realizing this potential will depend on
moving beyond pilot projects toward long-term deployment
supported by stable funding and institutional continuity. By
addressing the measurement, attribution, and verication
challenges identied in this review, the agricultural sector can
demonstrate how innovation can reduce emissions while
preserving food security, an essential imperative for the decades
ahead.
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43 C. Bellora and L. Fontagné, EU in search of a Carbon Border
Adjustment Mechanism, Energy Econ., 2023, 123, 106673.

44 Government of Canada, 2030 Emissions Reduction Plan:
Canada's Next Steps for Clean Air and a Strong Economy,
Environment and Climate Change Canada, Quebec,
Canada, 2022.

45 Agriculture and Agri-Food Canada, What We Heard Report:
Sustainable Agriculture Strategy, 2023.

46 Environment and Climate Change Canada, National
Inventory Report 1990–2023: Greenhouse Gas Sources and
Sinks in Canada, Environment and Climate Change
Canada, Ottawa, Canada, 2025.

47 Statistics Canada, Canada's 2021 Census of Agriculture: A
Story about the Transformation of the Agriculture Industry
and Adaptiveness of Canadian Farmers, 2022.

48 S. Neethirajan, Innovative Strategies for Sustainable Dairy
Farming in Canada amidst Climate Change,
Sustainability, 2023, 16, 265.

49 D. Jervis, J. McKeever, B. O. A. Durak, J. J. Sloan, D. Gains,
D. J. Varon, A. Ramier, M. Strupler and E. Tarrant, The
GHGSat-D imaging spectrometer, Atmos. Meas. Tech.,
2021, 14, 2127–2140.

50 A. Eldering, P. O. Wennberg, D. Crisp, D. S. Schimel,
M. R. Gunson, A. Chatterjee, J. Liu, F. M. Schwandner,
Y. Sun, C. W. O'Dell, C. Frankenberg, T. Taylor, B. Fisher,
G. B. Osterman, D. Wunch, J. Hakkarainen, J. Tamminen
and B. Weir, The Orbiting Carbon Observatory-2 early
science investigations of regional carbon dioxide uxes,
Science, 2017, 358, eaam5745.

51 T. E. Taylor, C. W. O'Dell, D. Baker, C. Bruegge, A. Chang,
L. Chapsky, A. Chatterjee, C. Cheng, F. Chevallier,
D. Crisp, L. Dang, B. Drouin, A. Eldering, L. Feng,
B. Fisher, D. Fu, M. Gunson, V. Haemmerle, G. R. Keller,
M. Kiel, L. Kuai, T. Kurosu, A. Lambert, J. Laughner,
R. Lee, J. Liu, L. Mandrake, Y. Marchetti, G. McGarragh,
A. Merrelli, R. R. Nelson, G. Osterman, F. Oyafuso,
P. I. Palmer, V. H. Payne, R. Rosenberg, P. Somkuti,
G. Spiers, C. To, B. Weir, P. O. Wennberg, S. Yu and
J. Zong, Evaluating the consistency between OCO-2 and
OCO-3 XCO2 estimates derived from the NASA ACOS
version 10 retrieval algorithm, Atmos. Meas. Tech., 2023,
16, 3173–3209.

52 T. Matsunaga, M. Saito, T. Saeki, H. Takagi, K. Murakami,
S. Maksyutov, Y. Niwa, H. Tanimoto, H. Yashiro and
Y. Yamashita, in Sensors, Systems, and Next-Generation
Satellites XXVII, ed T. Kimura, S. R. Babu and A. Hélière,
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