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Sensor Fusion and Machine Learning for Real-World Emissions Monitoring and Climate-Related Environmental Assessment in the United States: A Critical Review

[bookmark: abstract]Abstract
Emissions monitoring in the United States is being reconstructed around dense, heterogeneous sensing and algorithmic inference. Low-cost electrochemical and optical sensors, mobile platforms, aircraft-mounted imaging spectrometers, point-in-space continuous monitors, and polar-orbiting and geostationary satellites now generate observations at scales and frequencies that regulatory reference networks were never designed to provide, and machine learning increasingly mediates the step from raw signal to reported emission or exposure. This review critically appraises what that reconstruction has demonstrated, what remains uncertain, and where confidence is currently misplaced. Evidence was assembled through registry-based bibliographic searching and verified source-by-source, with emphasis on studies conducted in United States settings and published from 1995 onwards. Four findings recur across otherwise separate literatures. First, reported model performance is dominated by co-location conditions rather than deployment conditions, and cross-site, cross-season and cross-instrument transfer degrades in ways that headline coefficients of determination conceal. Second, blind controlled-release testing has become the strongest evidentiary design available for methane sensing and has no established equivalent in ambient sensor calibration, producing a marked asymmetry in the quality of validation evidence between adjacent fields. Third, heavy-tailed and intermittent emission distributions break the sampling assumptions embedded in both survey design and supervised learning, so that platform-specific estimates diverge for structural rather than analytical reasons. Fourth, fusion across platforms with different detection thresholds is frequently treated as additive when it is in fact a partial-detection problem requiring explicit statistical treatment. Errors in fused products are spatially structured and correlate with monitor density, so that inferential accuracy is lowest where policy attention is greatest. Priorities identified include standardised blind evaluation for ambient sensing, detection-probability-aware fusion, distribution-shift-resilient calibration, and reporting practices that expose spatial error structure rather than aggregate it away.
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[bookmark: introduction]1. Introduction
The measurement of emissions in the United States has historically rested on a small number of highly characterised instruments operated under prescribed conditions. Federal reference and equivalent methods, stack-based continuous emission monitors, certification dynamometer tests and periodic engineering surveys shared a common logic: accuracy was secured by controlling the measurement environment, and representativeness was secured by assuming that controlled measurements could be extrapolated through activity data. That logic is now under sustained empirical pressure. Facility-scale and basin-scale measurements of methane (CH4) from oil and natural gas infrastructure indicate national supply-chain emissions of approximately 13 Tg per year, around 60% above the corresponding national inventory estimate, with the discrepancy attributed largely to emissions occurring during abnormal operating conditions that engineering estimates do not represent (Alvarez et al., 2018). On-road measurements of vehicles in use revealed, decades earlier, that a minority of poorly maintained vehicles dominated fleet emissions in a way that certification testing could not anticipate (Beaton et al., 1995; Bishop & Stedman, 2008), and subsequent analysis of diesel oxides of nitrogen showed that real-world emissions departed substantially from regulatory limits across major markets (Anenberg et al., 2017). The recurring lesson is that emissions behaviour in the field is not a smooth extrapolation of emissions behaviour under test.
Two technological developments have changed what can be done about this. The first is the proliferation of sensing platforms. Optical particle counters and electrochemical gas sensors costing orders of magnitude less than reference analysers have been deployed in networks of thousands of units, on vehicles, and by community organisations (Apte et al., 2017; deSouza et al., 2020; Wallace & Zhao, 2023). Aircraft-mounted imaging spectrometers now survey entire producing basins at facility resolution (Y. Chen et al., 2022; Cusworth et al., 2021; Sherwin et al., 2024b). Polar-orbiting instruments provide basin-scale column measurements and, in some configurations, resolve individual plumes, while geostationary observation of North America has introduced hourly measurement of photochemically active species (Zoogman et al., 2017; Jacob et al., 2022; Li et al., 2025). Point-in-space continuous monitors have been installed on production sites to provide uninterrupted site-level records (Daniels et al., 2024a; Daniels et al., 2025). Recent peer-reviewed evidence is consistent with this shift, while also reinforcing that expanded observational coverage must be interpreted in relation to platform-specific sampling and validation conditions (Duren et al., 2025; Acker et al., 2025).
The second development is the routine use of statistical learning to convert these signals into quantities that can be reported, regulated or used in health and climate assessment. Machine learning enters the inferential chain at several distinct points, and conflating them has caused considerable confusion. It is used to correct individual sensors against reference instruments; to interpolate and predict concentration fields; to detect and quantify plumes in spectral imagery; to attribute site-level concentration enhancements to specific equipment; to emulate or bias-correct chemical transport models; and to construct exposure surfaces for epidemiological and equity analysis (Zimmerman et al., 2018; Di et al., 2019; Jongaramrungruang et al., 2022; Rouet-Leduc & Hulbert, 2024; Kelp et al., 2020; Skipper et al., 2024). These applications share algorithms but differ fundamentally in what constitutes a valid test, in the consequences of error, and in the availability of ground truth. Recent evaluations likewise indicate that calibration transfer and methane measurement performance depend on transfer setting and validation design rather than on algorithmic or instrumental capability alone (Abu-Hani et al., 2024; McManemin et al., 2026).
The term sensor fusion is used across this literature with limited precision. In engineering usage it denotes the combination of measurements from multiple sensors to produce an estimate superior to that obtainable from any single sensor. In environmental practice it is applied to arrangements as different as regression of a low-cost sensor against a co-located reference instrument, spatial merging of satellite column retrievals with surface monitors, hierarchical combination of aerial snapshot surveys with continuous site monitoring, and assimilation of observations into chemical transport models. These arrangements differ in their statistical structure, and evidence supporting one form does not transfer to another. The absence of a shared vocabulary has allowed favourable results obtained in the least demanding configuration to be cited as general support for the approach.
Reviews of adjacent components exist. Synthesis of machine learning for low-cost sensor calibration reports substantial error reduction and post-calibration agreement with reference monitors that is high by conventional standards (Yan, 2026). Satellite methane observation has been reviewed comprehensively from the perspective of atmospheric inversion and point-source retrieval (Jacob et al., 2022). Broad surveys of machine learning applications relevant to climate mitigation identify emissions monitoring as a priority area (Rolnick et al., 2023). What these treatments share is a domain boundary. Calibration reviews rarely engage with the methane measurement literature, in which blind controlled-release protocols have become standard; methane reviews rarely engage with the ambient sensor literature, in which drift and transferability have been studied intensively. Neither addresses the question that determines whether the technological transition delivers policy value: whether fused, algorithmically processed observations are sufficiently reliable, and sufficiently characterised, to be used as the evidentiary basis for emissions accounting, regulatory action and climate-related environmental assessment in the United States.
[bookmark: scope-research-gap-and-objectives]1.1 Scope, Research Gap and Objectives
This review examines the integration of multi-platform sensing with statistical learning for the measurement of real-world emissions and associated environmental assessment in the United States. Its boundaries are defined by three criteria. The measurement must concern emissions as they occur in operational settings rather than under controlled certification conditions. The inferential chain must involve either the combination of observations from more than one sensing modality or the application of statistical learning to convert sensor output into a reported quantity. The application must bear on emissions accounting, regulatory verification, or environmental and climate-related assessment.
The gap addressed is the absence of a cross-domain critical appraisal organised around the inferential chain rather than around instrument type. Existing reviews evaluate calibration methods, retrieval algorithms or inversion frameworks in isolation, with the consequence that recurrent structural problems appear as domain-specific difficulties rather than as shared inferential weaknesses. The specific unresolved questions are whether reported performance metrics support the uses to which fused products are put; whether validation practice is adequate and consistent across domains; whether divergences between platform-based estimates reflect measurement error or the sampling properties of the emission process; and whether the spatial structure of inferential error is compatible with the equity and enforcement purposes for which these products are increasingly employed.
The review does not attempt quantitative pooling of effect estimates, does not assess indoor air quality or occupational exposure, does not evaluate emissions from international jurisdictions except where required for comparison, and does not address life-cycle or consumption-based accounting. Health effect estimation is considered only insofar as exposure surface construction depends on the methods under review.
Four objectives follow. The first is to characterise the current state of evidence across sensing platforms and algorithmic approaches used in United States settings. The second is to identify convergent and conflicting findings and to distinguish disagreement arising from methodological differences from disagreement arising from the properties of emissions themselves. The third is to evaluate validation practice, with attention to the evidentiary standing of different test designs. The fourth is to specify research priorities that would materially improve the reliability of fused emissions estimates.
[bookmark: methods-for-literature-selection]2. Methods for Literature Selection
[bookmark: review-design-and-rationale]2.1 Review Design and Rationale
A critical narrative design was selected because the review question concerns the coherence and evidentiary standing of methods across heterogeneous fields rather than the magnitude of a defined effect. The constituent literatures use incommensurable outcome measures. Calibration studies report agreement statistics against reference analysers; aerial survey studies report emission rate distributions; continuous monitoring studies report detection probabilities and quantification errors; inversion studies report posterior emission fluxes with structural uncertainty. No meaningful pooled estimate could be constructed across these, and a systematic review protocol with a single prespecified outcome would exclude precisely the comparative material that the question requires. Scoping review methods would map the field adequately but are not designed to adjudicate methodological quality, which is central here.
The choice reflects an argument advanced in the methodological literature that the hierarchy placing systematic above narrative synthesis is not universally applicable and that narrative approaches remain appropriate where the task is interpretive integration across bodies of work that do not share a common metric (Greenhalgh et al., 2018; Sukhera, 2022). Adopting a narrative design does not license reduced transparency. The reporting standards articulated in the SANRA instrument, which require explicit justification of importance, statement of aims, description of the literature search, appropriate referencing of evidence and evidence-calibrated presentation of data, were used as internal quality criteria during preparation (Baethge et al., 2019).
[bookmark: information-sources]2.2 Information Sources
Bibliographic identification and verification were conducted using Crossref Metadata Search, accessed through its public application programming interface, together with general-purpose web search engines used to locate scholarly records, journal landing pages and institutional documents. Every included journal reference was subsequently verified against the Crossref registry, and metadata were corrected to the registered record where secondary sources disagreed. Institutional material was retrieved directly from the websites of the originating organisations.
Subscription-based indexes, including Web of Science, Scopus and Embase, were not accessible during preparation, and no claim is made that those indexes were searched. This constraint is stated explicitly because it bears on coverage: records indexed only in subscription databases, and grey literature not registered with a persistent identifier, may be under-represented.
Database searching was supplemented by backward citation chaining from recent reviews and empirical papers whose reference lists were accessible, by targeted searching for individual works identified in that process, and by searching for corrections, author corrections and expressions of concern associated with candidate references. That last step identified a published author correction to one of the principal aerial survey datasets considered here (Sherwin et al., 2026), which is noted where the underlying study is discussed.
[bookmark: search-strategy-and-search-period]2.3 Search Strategy and Search Period
Search concepts were derived from the review question and combined using Boolean operators. Five concept groups were used: sensing platforms and instruments; algorithmic and statistical inference; emission species and sources; geographical and regulatory setting; and validation, uncertainty and equity. Representative strings are given in Table 1. Free-text terms were used throughout, since controlled vocabulary was not available in the accessible search interfaces.
The search period extended from 1 January 1995 to the final search date. The starting year corresponds to the appearance in the peer-reviewed literature of large-scale on-road remote sensing of vehicle emissions in the United States, which established the empirical tradition of measuring emissions as they occur rather than as they are certified. Works published before that date were considered only where required to explain the historical development of a method. The final search was conducted on 12 June 2026.
Table 1 sets out the concept structure and representative search strings. Its purpose is reproducibility rather than exhaustiveness: strings were adapted iteratively as terminology differences between the methane measurement, ambient sensing and remote sensing communities became apparent, and the table records the stable core of that process rather than every variant executed. The concept groups are deliberately asymmetric, since the sensing and inference groups required substantially more synonym expansion than the geographical group.
Table 1. Search concept structure and representative Boolean search strings.
	Concept group
	Representative terms
	Representative string
	Supporting references

	Sensing platform
	low-cost sensor, sensor network, imaging spectrometer, continuous monitoring system, remote sensing, mobile monitoring, geostationary
	(“low-cost sensor” OR “imaging spectrometer” OR “continuous monitoring system” OR “mobile monitoring”)
	Apte et al. (2017); Cusworth et al. (2021); Daniels et al. (2024a)

	Algorithmic inference
	machine learning, random forest, neural network, deep learning, calibration model, data fusion, atmospheric inversion, bias correction
	(“machine learning” OR “random forest” OR “neural network” OR “data fusion” OR inversion)
	Zimmerman et al. (2018); Di et al. (2019); Nesser et al. (2024)

	Species and source
	methane, carbon dioxide, nitrogen dioxide, particulate matter, oil and gas, landfill, on-road vehicle, wildfire smoke
	(methane OR “carbon dioxide” OR “particulate matter”) AND (“oil and gas” OR landfill OR vehicle OR wildfire)
	Alvarez et al. (2018); Cusworth et al. (2024); Childs et al. (2022)

	Setting
	United States, Permian, contiguous US, national inventory, regulatory monitoring
	(“United States” OR “contiguous US” OR Permian) AND (inventory OR regulatory)
	Zhang et al. (2020); Gurney et al. (2021)

	Validation and equity
	controlled release, single-blind, detection limit, uncertainty quantification, transferability, environmental justice
	(“controlled release” OR “single-blind” OR “detection limit” OR transferability OR “environmental justice”)
	Bell et al. (2022); Sherwin et al. (2024a); Tessum et al. (2021)


[bookmark: eligibility-criteria]2.4 Eligibility Criteria
Eligible records were peer-reviewed journal articles reporting original research, methodological development or critical synthesis, together with authoritative documents issued by governmental, intergovernmental or recognised scientific institutions. Records were required to address measurement, inference or assessment of emissions or emission-derived environmental quantities, and to involve either multi-modal observation or the application of statistical learning to sensor data, or to provide comparative evidence necessary for critical evaluation of such approaches.
Studies conducted in United States settings were prioritised. Studies conducted elsewhere were included where they established a methodological principle, provided the only available evidence on a specific question, or offered contrast necessary to evaluate the generalisability of United States findings. Publications in languages other than English were not assessed, and this restriction is acknowledged as a limitation.
Excluded were commercial promotional material, trade publications, non-peer-reviewed opinion pieces, records whose bibliographic identity could not be confirmed, preprints where peer-reviewed evidence on the same question was available, and patents offered as evidence of measurement performance. Conference abstracts were excluded, including those returned by registry searching, on the ground that they provide insufficient methodological detail for appraisal.
[bookmark: X7d2e9d0ecae87711c8cd031b02724f1a8226a19]2.5 Screening, Duplicate Handling and Study Selection
Records returned by searching were screened first on title and, where available, abstract, against the eligibility criteria. Records passing that screen were assessed on the fullest text accessible, which for some publisher-hosted articles was limited to the abstract and any openly available sections. Where a claim could not be verified from accessible text, the source was either excluded or cited only for the claim that accessible text supported.
Duplicates arising from multiple search routes were identified by Digital Object Identifier and removed programmatically, with title matching used as a secondary check for records whose identifiers differed between versions. Where an article and a subsequent correction were both retrieved, both were retained and cited together. Preprint and journal versions of the same work were resolved in favour of the journal version.
No formal record counts are reported. Selection was iterative and concept-driven rather than exhaustive within a frozen set of retrieved records, and reporting screening counts would misrepresent the process as systematic. Sources that could not be verified against the Crossref registry, or whose registered metadata proved inconsistent with the citing context, were not retained.
[bookmark: Xc28834b6ce4066e280aa110dcd5d5fe36acafe5]2.6 Critical Appraisal and Evidence Synthesis
Appraisal criteria were selected for each evidence stream according to the inferential claim being evaluated. For sensor calibration studies, the criteria were the independence of the evaluation data from the training data, the duration and diversity of deployment, whether transfer across units, sites or seasons was tested, and whether performance was reported for the concentration ranges of policy interest. For plume detection and quantification studies, the criteria were the provenance of training data, particularly the balance between simulated and observed plumes, the treatment of false positives, and whether detection probability was characterised as a function of emission rate. For survey and inversion studies, the criteria were spatial and temporal coverage, treatment of source intermittency, the specification of prior information, and whether uncertainty reflected structural as well as sampling components. For exposure surface studies, the criteria were the design of cross-validation, the treatment of spatial dependence, and whether error was reported as a function of monitor density.
Formal risk-of-bias instruments were not applied, since no recognised tool exists for the majority of these designs and the information required to score existing tools was frequently unavailable. Themes were developed inductively from the appraised material and then tested against the full set of included sources; where a theme held in one domain but not another, the discrepancy was retained and examined rather than resolved by selective emphasis. Disagreement between studies was interpreted by first establishing whether the studies addressed the same spatial domain, temporal window and detection range, and only then attributing residual difference to methodological factors.
[bookmark: X69d8edcb709d62204385685d112a1fadbc99e97]3. The Measurement Landscape and the Meaning of Fusion
[bookmark: X43de616de140ea1380c8caf8ca607fde804d31a]3.1 From Single Instruments to Multi-Platform Inference
The platforms now used for real-world emissions measurement in the United States differ along three axes that determine what fusion can and cannot achieve: the smallest emission they can detect, the fraction of time they observe a given source, and the spatial support of the resulting estimate. Reference-grade ambient monitors provide accurate concentrations at fixed points with near-continuous temporal coverage but sample a minute fraction of the domain. Low-cost sensors invert this trade-off, offering dense spatial coverage at substantially degraded and environment-dependent accuracy (Zimmerman et al., 2018; Malings et al., 2019). Mobile platforms achieve fine spatial resolution along traversed routes with sparse and irregular temporal sampling at any given location (Apte et al., 2017). Aircraft-mounted imaging spectrometers detect and quantify point sources above a threshold determined by instrument sensitivity, surface reflectance and wind speed, with each overpass constituting an instantaneous snapshot (Duren et al., 2019; Cusworth et al., 2022). Satellite instruments extend coverage to entire basins and, for the highest-sensitivity systems, to individual large plumes, subject to cloud, albedo and revisit constraints (Varon et al., 2018; Jacob et al., 2022). Point-in-space continuous monitors observe a single site without interruption but require wind-dependent inference to convert concentration enhancement into emission rate and to attribute that rate to specific equipment (Daniels et al., 2024a).
Combining these is often described as though the platforms provided independent, unbiased observations of the same quantity differing only in precision, in which case an inverse-variance weighting would be appropriate. That description is inaccurate in most practical configurations. Platforms observe different quantities: a spectrometer overpass measures an instantaneous point-source flux above its detection limit, a continuous monitor measures a time-integrated site total, and a regional inversion measures a spatially aggregated flux including sources of every magnitude and every sector. Reconciling them requires assumptions about the emission size distribution, about source persistence, and about the sectoral composition of unattributed emissions. Each assumption is a modelling choice with consequences, and the sensitivity of fused estimates to those choices is rarely reported.
The most consequential structural feature is partial detection. Every platform has an emission rate below which it observes nothing, and that threshold varies by orders of magnitude across the platform set. Aggregating detections without correcting for the undetected fraction produces an estimate of detected emissions, not total emissions. Studies that have addressed this explicitly, either by extrapolating the fitted emission rate distribution below the detection limit or by combining survey results with independent estimates of the small-source population, arrive at markedly different totals from those obtained by simple summation (Sherwin et al., 2024b; Omara et al., 2022). Treating fusion as a partial-detection problem rather than an averaging problem is the single change in framing with the largest consequences for reported totals.
[bookmark: X372df9a23f766a6b6d11e491d465d6fcb7f4fbf]3.2 The Scale-Dependence of Apparent Disagreement
Divergent estimates for nominally the same region are frequently reported as evidence of methodological failure when they reflect differences in domain, period and detection range. The Permian Basin provides the clearest illustration. Inversion of column measurements from a polar-orbiting spectrometer over the full Texas and New Mexico basin for May 2018 to March 2019 yielded a loss rate of approximately 3.7% of gross gas production (Zhang et al., 2020). A comprehensive aerial survey confined to the New Mexico portion of the basin, covering roughly 36,000 km² and approximately 98,000 well site visits between October 2018 and January 2020, estimated emissions equivalent to 9.4% of gross gas production in that sub-region, with half of observed emissions arising from sources whose persistence-averaged rates exceeded 308 kg per hour (Y. Chen et al., 2022). These figures are not directly comparable. They describe different spatial domains with different infrastructure composition and different production characteristics, and they were obtained over overlapping but not identical periods. The comparison nonetheless carries a substantive message: the sub-regional estimate is not bracketed by the basin-wide estimate, which indicates either strong spatial heterogeneity within the basin or unresolved bias in at least one approach, and the available evidence does not decisively separate these explanations.
Similar scale-dependence affects ambient concentration estimates. Mobile monitoring in Oakland, California resolved persistent intra-urban gradients at scales of tens of metres that are invisible to regulatory networks and to model-based surfaces with kilometre-scale resolution (Apte et al., 2017), and extended mobile campaigns have shown that racial and ethnic disparities in exposure appear at both local and regional scales but with different magnitudes and different apparent drivers depending on the scale examined (Chambliss et al., 2021). An assessment that operates at a single scale will therefore report a single answer to a question that has scale-dependent answers, and the choice of scale is usually made by data availability rather than by the structure of the policy question.
Table 2 compares the principal platforms across the properties that govern their combination. Its analytical purpose is to make explicit that the platforms are complementary in coverage but not interchangeable in what they estimate, and that the role played by statistical learning differs correspondingly. The final column records the limitations most likely to propagate into fused products. The comparison shows that no platform is simultaneously sensitive, comprehensive and continuous, which is the structural reason fusion is attempted, and also the reason it cannot be treated as a simple averaging operation.
Table 2. Principal sensing platforms used for real-world emissions measurement in the United States, their inferential characteristics and the role of statistical learning.
	Platform
	Typical spatial support
	Temporal sampling
	Principal role of statistical learning
	Limitations propagating into fused products
	Supporting references

	Reference ambient monitors
	Point; neighbourhood to regional
	Continuous
	Reference for supervised correction of other platforms
	Sparse and non-random siting; limited near-source representativeness
	deSouza and Kinney (2021); Chakraborty (2025)

	Low-cost sensor networks
	Point, dense
	Continuous
	Calibration, drift correction, network-level quality control
	Environment-dependent bias; unit-to-unit variation; drift
	Zimmerman et al. (2018); Malings et al. (2020); Barkjohn et al. (2021)

	Mobile platforms
	Road segment, tens of metres
	Repeated transects, irregular
	Aggregation of sparse repeats into stable spatial estimates
	Route bias; daytime sampling; limited off-road coverage
	Apte et al. (2017); Chambliss et al. (2021)

	Aircraft imaging spectrometry
	Individual emission point, metres
	Snapshot per overpass
	Plume detection, masking, flux retrieval
	Detection threshold; instantaneous rates require persistence assumptions
	Duren et al. (2019); Cusworth et al. (2022); Jongaramrungruang et al. (2022)

	Satellite point-source instruments
	Individual large emitter
	Revisit-limited
	Automated plume screening, false-positive suppression
	High detection thresholds; surface and cloud interference
	Varon et al. (2018); Schuit et al. (2023); Sherwin et al. (2024a)

	Satellite column mapping with inversion
	Basin to national
	Near-daily to weekly
	Emulation, bias correction, prior construction
	Prior dependence; coarse attribution; structural error
	Zhang et al. (2020); Nesser et al. (2024); Estrada et al. (2025)

	Point-in-space continuous monitors
	Single facility
	Continuous
	Event detection, localisation, rate and duration estimation
	Wind dependence; attribution ambiguity between co-located equipment
	Daniels et al. (2024a); Daniels et al. (2024b); Daniels et al. (2025)

	Geostationary spectrometry
	Regional, hourly
	Diurnal, daylight
	Surface concentration estimation from column retrievals
	Column-to-surface conversion; daylight-only sampling
	Zoogman et al. (2017); Millet et al. (2024); Li et al. (2025)


[bookmark: X21ea2efb87895d2aa8898fa5620e12a70cac717]4. Machine Learning for Sensor Correction and Network-Scale Inference
[bookmark: X8d026ae780d36ee11afa2f71c531368b29f5ee9]4.1 Calibration of Low-Cost Gas and Particle Sensors
The application of supervised learning to sensor calibration is the most mature use of machine learning in this field and the one whose evidence base is most frequently overstated. Early demonstrations established that ensemble tree methods substantially outperformed linear correction for electrochemical gas sensors, with random forest models applied to a multi-sensor package achieving agreement with reference monitors sufficient for supplemental monitoring applications across carbon monoxide, ozone and carbon dioxide, and weaker but usable performance for nitrogen dioxide (Zimmerman et al., 2018). Subsequent work extended this to general calibration models trained across multiple units and evaluated over longer deployments, finding that performance was maintained for periods of months but that model quality depended strongly on the representativeness of training conditions (Malings et al., 2019). For particle sensors, correction using co-located reference instruments together with meteorological covariates improved agreement substantially, while revealing systematic dependence of optical response on relative humidity and on aerosol composition (Malings et al., 2020; Sayahi et al., 2019).
The most widely used correction in the United States is a nationally applicable adjustment for a large consumer sensor network, developed from co-locations distributed across the country and shown to reduce bias across a wide range of conditions (Barkjohn et al., 2021). Its adoption illustrates both the value and the risk of this approach. A single national correction makes a heterogeneous network tractable for public communication and for research use, and it has been applied at continental scale. It also imposes a common functional form on units whose response depends on local aerosol properties, and its residual error is not uniform across regions or aerosol regimes. Independent evaluation of the same sensor family has documented substantial variability in deployment characteristics and in the uncertainty attached to individual units, which a uniform correction cannot address (Chung & Rohr, 2026).
The summary statistics that dominate this literature require careful reading. Synthesis across a large body of calibration studies reports that machine learning correction commonly reduces error metrics by more than half and raises agreement with reference monitors to coefficients of determination exceeding 0.8, with optical particle sensors typically achieving higher values than electrochemical gas sensors and with greater site-to-site variability for the latter (Yan, 2026). These figures describe performance under co-location, which is the condition under which training data are available and under which the sensor and the reference instrument sample the same air mass. They do not describe the condition in which the calibrated sensor is subsequently deployed. The distinction is not a technicality: the entire purpose of a low-cost network is to measure where no reference instrument exists, which is precisely where the calibration cannot be verified.
[bookmark: Xb1cf0bc57434e77cca4cabf5bf2d3b6aaea8150]4.2 Drift, Transferability and the Generalisation Problem
Evidence on transfer is consistent in direction and inconsistent in magnitude. Calibration models trained at one site degrade when applied at another, models trained in one season degrade in another, and models trained on one unit degrade on another unit of the same type. Studies designed to test this explicitly report degradation that is often modest in central tendency but substantial at the extremes of the concentration distribution, which is where regulatory and health relevance is concentrated (Malings et al., 2019; Datta et al., 2020). Approaches developed in response include hierarchical and spatially explicit statistical calibration that borrows strength across a network rather than treating each unit independently (Datta et al., 2020), online ensemble methods that update calibration functions as concept drift occurs (Bagkis et al., 2022), variational Bayesian formulations that propagate calibration uncertainty rather than reporting a point estimate (Tancev & Grasso Toro, 2022), and distance-based uncertainty quantification in hybrid networks that flags predictions made outside the region of covariate space represented in training (Zhivkov & Fidanova, 2026).
These developments identify the right problem but have not been evaluated to a common standard. The evaluation designs differ in whether test data are temporally or spatially disjoint from training data, in the length of deployment, and in whether the reference instrument used for testing is the same one used for training. Where evaluation uses randomly partitioned data from a single co-location, reported performance is close to the training performance and carries little information about deployment behaviour. Where evaluation uses temporally forward-held or spatially held-out data, performance is lower and the ranking of methods changes. The literature contains both designs, frequently without explicit statement of which was used, and comparisons across studies are therefore unreliable.
Wildfire smoke provides a natural test of transfer that has been examined directly. Field evaluation of low-cost particle sensors under smoke-affected conditions found that sensor response to smoke aerosol differed from response to typical urban aerosol, so that corrections derived under non-smoke conditions were not appropriate during smoke episodes (Holder et al., 2020). This is a clear instance of distribution shift with immediate public health consequences, since smoke episodes are exactly when dense sensor networks are most heavily used for public communication. The finding also generalises: any correction learned on a historical aerosol regime is vulnerable when the emission source composition changes, and source composition in the western United States has changed materially over the past decade (Burke et al., 2023).
[bookmark: Xc3ea2fac0e48926ce930b8e6a909940cedb0931]4.3 Fusing Sensors, Reference Networks, Satellites and Chemical Transport Models
Beyond individual sensor correction, statistical learning is used to construct continuous concentration fields by combining monitor data with satellite retrievals, meteorological reanalysis, land use, emissions inventories and chemical transport model output. Ensemble approaches that combine neural networks, gradient boosting and random forests have produced daily fine particulate matter (PM2.5) and ozone surfaces for the contiguous United States at kilometre-scale resolution with high cross-validated agreement against withheld monitors (Di et al., 2019; Ren et al., 2020). Comparable ensembles have been used to attribute long-term mortality burden to black carbon and PM2.5 from wildfire emissions across the continental United States (Wei et al., 2023). Incorporation of low-cost sensor measurements into such models has been shown to improve estimates in areas where regulatory monitors are sparse, which is the stated motivation for the fusion (Bi et al., 2020).
The critical weakness in this literature is the interpretation of cross-validation. Monitor locations are not a random sample of the domain. They are concentrated in populated areas, and their spatial distribution is correlated with demographic composition (deSouza & Kinney, 2021; Chakraborty, 2025). Cross-validation that withholds monitors at random therefore evaluates prediction at locations that resemble the training locations, and reports an accuracy that does not apply to the areas where no monitor exists. The problem is structural rather than a matter of implementation quality: no cross-validation scheme using only monitor locations can characterise error at locations unlike any monitor. Studies that have examined spatially blocked validation, or that report error stratified by distance to the nearest monitor, are a minority, and the difference between random and spatially structured validation is material.
A second concern is the treatment of chemical transport model output within these ensembles. Where model output enters as a predictor, the fused product inherits the model’s structural error in a form that is difficult to trace, because the learning algorithm may compensate for that error in the training domain in ways that do not extend outside it. Work on source-specific bias correction of modelled ozone has shown that correction terms differ systematically between background and anthropogenic contributions, so that a single aggregate correction misrepresents both (Skipper et al., 2024). This matters for emissions applications specifically: if a fused concentration surface is used to infer emissions or to evaluate an emissions control policy, bias absorbed into the statistical correction is bias removed from the quantity of interest. Hybrid approaches that constrain learning with process representation, including machine-learned emulators of atmospheric chemistry trained to remain stable under integration, offer a route to retaining mechanistic interpretability, but stability and generalisation of such emulators remain the limiting difficulties rather than accuracy on training distributions (Kelp et al., 2020; Reichstein et al., 2019).
Table 3 organises the principal convergent and conflicting findings on machine-learned sensor correction and fusion, together with the most plausible explanations for disagreement. The purpose of the table is diagnostic: in most cases the disagreements are attributable to differences in evaluation design rather than to genuine differences in method performance, and identifying which is which determines whether a reported result should influence practice. Confidence assessments in the final column reflect the consistency of the evidence and the adequacy of the designs supporting it rather than the number of studies reporting a given result.
Table 3. Convergent and conflicting findings on machine-learned sensor correction and multi-source fusion.
	Question
	Convergent finding
	Conflicting or qualifying evidence
	Most plausible explanation for disagreement
	Confidence
	Supporting references

	Does supervised learning improve on linear calibration under co-location?
	Yes, consistently and substantially
	Magnitude varies by sensor chemistry and pollutant
	Differences in sensor type, concentration range and covariate availability
	High
	Zimmerman et al. (2018); Malings et al. (2019); Yan (2026)

	Does co-located performance predict deployed performance?
	No
	Some studies report modest degradation; others report substantial loss
	Whether test data are temporally or spatially disjoint from training data
	Moderate to high
	Malings et al. (2019); Datta et al. (2020); Bagkis et al. (2022)

	Are national uniform corrections adequate for consumer sensor networks?
	They reduce mean bias at continental scale
	Residual error varies by region, aerosol regime and unit
	Aerosol composition dependence not represented in a single functional form
	Moderate
	Barkjohn et al. (2021); Chung and Rohr (2026); Wallace and Zhao (2023)

	Do corrections hold during wildfire smoke episodes?
	No
	Corrections derived in non-smoke conditions misestimate smoke aerosol
	Optical response depends on particle composition and size distribution
	Moderate to high
	Holder et al. (2020); Burke et al. (2023)

	Do fused concentration surfaces achieve the accuracy their cross-validation reports?
	Not in unmonitored areas
	Random cross-validation and spatially blocked validation give different results
	Non-random monitor siting; spatial dependence between training and test points
	Moderate
	Di et al. (2019); Bi et al. (2020); deSouza and Kinney (2021)

	Does including model output in learned ensembles improve emissions-relevant inference?
	Unresolved
	Improves concentration prediction; may obscure structural bias
	Learned corrections absorb model error in a source-dependent manner
	Low to moderate
	Skipper et al. (2024); Kelp et al. (2020)


[bookmark: Xe9603f025d7abb329e0fb4f5678c0d625170555]5. Methane and the Reconciliation of Bottom-Up and Top-Down Estimates
[bookmark: X140f07779578117d49d16ff40d8a229c0901e54]5.1 The Persistent Inventory Gap and Its Diagnosis
Methane from oil and natural gas infrastructure is the domain in which multi-platform measurement has most directly altered official understanding. The reconciliation of facility-level measurements with regional atmospheric constraints was first demonstrated for a single production region, where a measurement-informed reconstruction of the source population accounted for a discrepancy that had previously been read as evidence of irreconcilable methodological difference between the two approaches (Zavala-Araiza et al., 2015). The synthesis of facility-scale measurements validated against aircraft observations across regions accounting for roughly 30% of national gas production produced a national supply-chain estimate of 13 ± 2 Tg per year for 2015, equivalent to 2.3% of gross gas production and approximately 60% above the national inventory figure, with the discrepancy attributed to emissions during abnormal operating conditions absent from engineering estimates (Alvarez et al., 2018). Independent reconstruction of the bottom-up inventory, incorporating measured distributions of abnormal process conditions rather than design-basis emission factors, subsequently reproduced measurement-based totals from engineering principles, demonstrating that the gap arose from inventory structure rather than from irreconcilable measurement error (Rutherford et al., 2021). That result is important for the epistemology of the field: it converted an apparent conflict between measurement paradigms into a specifiable defect in one of them.
Complementary evidence identified the source populations responsible. Low-production well sites, individually small and numerous, were found to contribute disproportionately to national production-segment emissions relative to their share of output (Omara et al., 2022). Regional inversion of column measurements attributed national emissions across states, urban areas and landfills, with results that differ from the inventory in both magnitude and spatial allocation (Nesser et al., 2024). Aerial survey of landfills found observable point-source emissions at a majority of surveyed sites and totals exceeding reported values, indicating that the gap is not confined to the oil and gas sector (Cusworth et al., 2024). The convergence of these lines is reasonably strong. What remains contested is the magnitude of the correction and its distribution across sectors and regions, and here the evidence is less settled than summary statements suggest.
[bookmark: X8341494400d7afb2766635736bb5e6571b26cdd]5.2 Heavy Tails, Intermittency and the Sampling Problem
The emission rate distribution for methane sources is strongly right-skewed, and this property is the origin of most methodological difficulty in the field. Airborne survey of the Permian Basin identified approximately 1,100 unique sources sampled at least three times, with an average of eight revisits, and found average persistence of 26%: a source detected on one overpass was, on average, emitting on roughly one visit in four (Cusworth et al., 2021). Sources that were routinely persistent constituted about 11% of high-emitting infrastructure but accounted for 29% of quantified emissions from that population. Aerial measurement in California similarly found that a minority of individually detectable sources dominated detected point-source emissions across sectors (Duren et al., 2019), and analysis across multiple basins found that strong point sources contribute a disproportionate fraction of total emissions (Cusworth et al., 2022).
Two inferential consequences follow, and neither is adequately handled in most published estimates. The first concerns temporal extrapolation. A snapshot survey measures instantaneous emission rates. Converting these to annual emissions requires knowledge of how long each source emits, and intermittency at the level documented above means that naive multiplication of a detected rate by an annual duration overestimates substantially, while assuming that undetected sources were not emitting underestimates. Studies that quantify persistence through repeated overpasses can address this, but the number of revisits required to estimate persistence with useful precision is large, and most surveys do not achieve it. The second concerns sample size. Because a small number of sources contribute a large share of the total, the variance of an estimate based on a limited sample is dominated by whether the largest sources happened to be observed. The very large aerial dataset assembled from nearly one million site measurements was motivated explicitly by this consideration, and its scale represents the most credible current basis for characterising the tail (Sherwin et al., 2024b). That study has since been the subject of a published author correction, which does not overturn its principal conclusions but illustrates that datasets of this complexity require post-publication verification and that citing them as settled is premature (Sherwin et al., 2026).
Intermittency also complicates the use of continuous monitoring. Work using point-in-space monitors has shown that emission duration can be estimated from continuous concentration records and that duration estimates materially change inferred totals relative to assumptions based on detection frequency alone (Daniels et al., 2024b). This is a genuine advance, because it addresses the temporal dimension that snapshot surveys cannot observe. Its limitation is coverage: continuous monitors are installed at a small and non-random subset of sites, so the duration distributions they reveal may not represent the population.
[bookmark: X787f391e3c9c010316513f5160de8f1cf76ea9c]5.3 Algorithmic Detection and Quantification in Spectral Imagery
Machine learning has been applied to methane plume imagery for three distinct tasks: separating plumes from background artefacts, estimating emission rate from plume morphology, and screening large satellite archives for candidate detections. A convolutional approach trained on large-eddy simulation output estimated point-source emission rates directly from two-dimensional plume imagery, avoiding explicit dependence on local wind measurement, which is the dominant error term in conventional mass-balance retrieval (Jongaramrungruang et al., 2022). Transformer-based detection applied to multispectral satellite imagery achieved automated identification of plumes at scale (Rouet-Leduc & Hulbert, 2024), and automated screening pipelines applied to column data have enabled systematic global detection of large emitters (Schuit et al., 2023). More recent work has combined vision transformers with segmentation models for super-emitter delineation (Marjani et al., 2025). Airborne spectrometry developed for a dedicated methane mission demonstrated plume detection and quantification at intermediate scales between point-source instruments and regional mappers (Guanter et al., 2025).
The methodological concern common to this group is training data provenance. Models are trained predominantly on simulated plumes inserted into real or synthetic backgrounds, because the number of observed plumes with independently known emission rates is small. Simulation permits control of the label but embeds the assumptions of the dispersion model in the learned mapping, and performance on simulated test data does not establish performance on observed scenes containing surface features that mimic absorption. Reported false-positive behaviour over heterogeneous surfaces is the practical manifestation of this, and it is reported inconsistently across studies. Where detection probability is characterised as a function of emission rate, wind speed and surface type, the resulting curves are directly usable for partial-detection correction; where only aggregate accuracy is reported, they are not. The field would benefit from treating the detection probability curve, rather than classification accuracy, as the primary reported output.
[bookmark: X8b3e93972f63bad8175ad0070bcc89f96fce0cc]5.4 Continuous Monitoring, Event Attribution and the Standard of Blind Testing
The most consequential methodological development in this domain is not algorithmic. It is the adoption of single-blind controlled release testing, in which technology providers quantify emissions from releases whose rates are known to the test organisers and unknown to the participants. Blind testing of aircraft-based lidar established detection limits and quantification accuracy under field conditions rather than under vendor-specified conditions (Bell et al., 2022). Blind evaluation of quantitative optical gas imaging characterised quantification error across operating conditions (Ilonze et al., 2024). Blind testing of path-integrated column measurement systems assessed detection, localisation and quantification jointly (Blume et al., 2024). Blind testing of nine satellite systems from three continents provided the first systematic cross-platform comparison of space-based detection thresholds and quantification error (Sherwin et al., 2024a). Intercomparison of three continuous monitoring systems on operating production sites extended the approach from controlled releases to operational conditions (Daniels et al., 2025).
This body of work has altered the evidentiary standard in the field. Claims about detection limits are now expected to be supported by blind evaluation, and the gap between vendor-reported and blind-tested performance has been documented repeatedly. Methodological work on the inference layer has developed alongside: algorithms for detection, localisation and quantification from point-in-space monitors have been formalised and tested (Daniels et al., 2024a), sensor placement has been treated as an explicit optimisation problem rather than a matter of convenience (Jia et al., 2025), and simulation studies have characterised the detection capability of monitoring networks at regional scale (Q. Chen et al., 2022). Concern about the completeness of bottom-up reporting persists even within well-studied basins (Riddick et al., 2024).
The asymmetry with the ambient sensing literature is stark and, in the view taken here, is the most significant unexploited opportunity in the field. Ambient sensor evaluation relies overwhelmingly on co-location against reference instruments under ambient conditions that the investigators do not control and cannot replicate. No widely adopted equivalent of blind controlled release exists for particle or gas sensors in the ambient domain, despite the availability of controlled exposure facilities and the demonstrated feasibility of blind protocols in the adjacent field. The consequence is that the ambient literature can report agreement but cannot report detection probability or quantification accuracy against known truth across a controlled range of conditions.
Table 4 summarises methodological limitations across the principal methane evidence streams and indicates the direction in which each limitation is likely to bias reported emissions. Direction of bias is stated where the evidence supports an inference and left unspecified where it does not, since asserting a direction without support would misrepresent the state of knowledge. The table is intended to make explicit that the limitations are not independent: partial detection, intermittency and non-random deployment interact, and correcting one without the others can worsen rather than improve a total.
Table 4. Methodological limitations across methane measurement streams and their likely consequences for reported emissions.
	Evidence stream
	Principal limitation
	Likely direction of bias in reported totals
	Available mitigation
	Supporting references

	Aerial point-source survey
	Detection threshold excludes small sources
	Underestimation of total if uncorrected
	Distribution fitting below threshold; pairing with site-level measurement
	Duren et al. (2019); Sherwin et al. (2024b); Omara et al. (2022)

	Aerial point-source survey
	Instantaneous rates extrapolated over time
	Overestimation if persistence assumed high; underestimation if detections treated as isolated
	Repeated overpass persistence estimation
	Cusworth et al. (2021); Cusworth et al. (2022)

	Satellite column inversion
	Dependence on prior emission fields
	Direction depends on prior; not generally specifiable
	Sensitivity analysis across priors; ensemble inversion
	Zhang et al. (2020); Nesser et al. (2024); Estrada et al. (2025)

	Satellite point-source detection
	High detection threshold; surface interference
	Underestimation of total; risk of false positives over bright surfaces
	Blind cross-platform testing; explicit detection probability curves
	Varon et al. (2018); Sherwin et al. (2024a); Schuit et al. (2023)

	Learned plume retrieval
	Training on simulated plumes
	Not generally specifiable; error concentrated in atypical scenes
	Observed-plume validation; reporting of detection probability curves
	Jongaramrungruang et al. (2022); Rouet-Leduc and Hulbert (2024)

	Continuous site monitoring
	Non-random site selection; wind-dependent inference
	Unrepresentative site sample; attribution ambiguity within site
	Blind operational intercomparison; placement optimisation
	Daniels et al. (2024a); Daniels et al. (2025); Jia et al. (2025)

	Engineering bottom-up inventory
	Design-basis emission factors exclude abnormal conditions
	Underestimation
	Incorporation of measured abnormal-condition distributions
	Alvarez et al. (2018); Rutherford et al. (2021); Riddick et al. (2024)


[bookmark: Xa07b6628f323e5c2e048e4f4e8beacb376b84a1]6. Mobile, On-Road and Urban Carbon Applications
[bookmark: on-road-vehicle-emissions]6.1 On-Road Vehicle Emissions
Measurement of vehicles as operated has the longest history of any real-world emissions programme in the United States, and it provides a cautionary comparison. Roadside remote sensing established in the 1990s that fleet emissions were dominated by a small fraction of high-emitting vehicles and that this pattern was invisible to certification testing (Beaton et al., 1995). Sustained measurement over subsequent decades documented substantial reductions in fleet-average emissions attributable to technology turnover, together with the persistence of a high-emitting tail (Bishop & Stedman, 2008). Portable emissions measurement systems extended this to in-use characterisation of individual vehicles under real driving conditions, and activity-based windowing methods have been developed to evaluate compliance of modern heavy-duty diesel vehicles under the low-load, low-temperature conditions in which aftertreatment performance degrades (Pondicherry et al., 2021). Analysis of the consequences of divergence between certified and real-world diesel emissions of nitrogen oxides across major vehicle markets quantified substantial associated health burdens (Anenberg et al., 2017).
What is notable is how little of this domain has been reconstructed around sensor fusion and statistical learning relative to the methane and ambient particulate domains. The measurement modalities remain largely separate: remote sensing, portable measurement, onboard diagnostics, fuel-based inventories and traffic activity data are typically analysed in parallel rather than jointly. The heavy-tailed structure that motivates advanced sampling design in the methane literature is present here and has been documented for longer, yet the statistical machinery developed for partial detection and intermittency has not been transferred. The reasons appear institutional rather than technical, since the emissions data are distributed across regulatory, academic and commercial holders with limited integration, and this constitutes an identifiable and tractable gap.
[bookmark: X4d110ea628ad2115cbbb57045f183e91b64b782]6.2 Mobile Monitoring and Intra-Urban Gradients
Mobile platforms occupy an intermediate position between fixed monitoring and modelling. Repeated sampling with instrumented vehicles across an urban road network produced stable maps of intra-urban pollutant variation at scales of tens of metres, demonstrating that persistent gradients exist well below the resolution of regulatory networks and of most modelled surfaces (Apte et al., 2017). Linkage of such maps to cohort health data has been used to examine associations with cardiovascular outcomes at neighbourhood scale (Alexeeff et al., 2018), and extended campaigns across multiple regions have characterised racial and ethnic disparities in exposure at both local and regional scales (Chambliss et al., 2021). Deployment of low-cost sensors on municipal vehicle fleets has been explored as a lower-cost route to similar coverage, with the accompanying difficulties of platform-induced artefacts and irregular sampling (deSouza et al., 2020).
Mobile data present a specific inferential problem that fusion has not resolved. Sampling is conditional on route and time of day, and both are correlated with the emission sources of interest. Aggregating repeated transects into a stable spatial estimate requires assumptions about the temporal representativeness of the sampled hours, and the number of repeats required for stability differs between pollutants with different source structures. Where mobile data are fused with fixed-site or modelled data, the resulting product inherits this conditional sampling structure in a form that is rarely made explicit.
[bookmark: urban-greenhouse-gas-inference]6.3 Urban Greenhouse Gas Inference
Urban carbon dioxide (CO2) measurement has developed a distinctive multi-platform architecture combining tower networks, atmospheric transport inversion and high-resolution bottom-up emission products. The Indianapolis Flux Experiment established a dense urban tower network with associated inversion capability and demonstrated that urban-scale flux quantification is achievable, while documenting the sensitivity of results to transport model configuration and to background definition (Lauvaux et al., 2016; Whetstone, 2018). Bottom-up products at building and road-segment resolution provide the spatial prior for such inversions and have been updated across successive versions with expanded temporal coverage (Gurney et al., 2020; Gurney et al., 2025). Comparison of these products with self-reported municipal inventories found systematic under-reporting by cities, with the discrepancy varying by sector and by city (Gurney et al., 2021). Observational networks also proved capable of detecting abrupt emission changes, as demonstrated by the response of urban CO2 measurements to mobility reductions during the coronavirus disease 2019 restrictions (Turner et al., 2020).
The parallel with methane is instructive and the difference is equally so. In both cases, independent measurement revealed that self-reported or engineering-based inventories were incomplete. In the methane case, the measurement community converged on a diagnosis and demonstrated inventory repair (Rutherford et al., 2021). In the urban carbon case, no comparable repair has been demonstrated, in part because urban CO2 emissions are diffuse rather than concentrated in a detectable tail, so the point-source detection strategy that succeeded for methane has no direct analogue. This asymmetry is a useful corrective to the assumption that improved observation automatically improves accounting: it does so when the emission distribution has a detectable structure that observation can exploit.
[bookmark: Xbfe08d2d9a6d625e645ddb3e508bf4523915e42]7. Climate-Related Environmental Assessment: Episodic Sources, Exposure Surfaces and Distributional Structure
[bookmark: Xf4cb21a4caf2c7541d231877906474e5f982332]7.1 Wildfire Smoke as a Test of Fusion Under Changing Conditions
Wildfire smoke provides the clearest case in which climate-driven change in the emission regime interacts directly with the assumptions embedded in monitoring and inference systems. The contribution of wildfire smoke to fine particulate concentrations in the United States has increased sufficiently to offset or reverse decades of improvement attributable to emission control in substantial parts of the country (Burke et al., 2023), against a background of increasing area burned and population exposure (Burke et al., 2021). Estimation of smoke-attributable concentrations has relied on fusion by necessity: regulatory monitors are sparse in the areas most affected, satellite retrievals of smoke plumes provide spatial extent but not surface concentration, and models of smoke transport require emission inputs that are themselves uncertain.
Statistical learning has been central to the resulting products. Early work demonstrated that ensemble learning combining satellite aerosol retrievals, model output and monitor data outperformed individual predictors for smoke-affected concentrations during a major fire episode (Reid et al., 2015). Daily local-level estimates of smoke-attributable PM2.5 have since been produced for the contiguous United States by separating smoke and non-smoke components using plume boundaries and learned models (Childs et al., 2022), and deep learning approaches have been used to estimate long-term black carbon and PM2.5 from wildfire emissions for mortality burden assessment (Wei et al., 2023).
Three critical observations follow. The training data for these models are drawn from historical fire regimes, and the fire regime is non-stationary, so the covariate relationships learned may not persist. The separation of smoke from non-smoke components depends on plume boundary products whose error is not independent of the concentration estimate. And the sensor networks increasingly relied upon for local information during smoke episodes are subject to composition-dependent response error precisely under those conditions (Holder et al., 2020). Each of these is a distribution shift problem, and the field has not developed the diagnostics that would allow a user to know when a smoke-period estimate should be distrusted.
[bookmark: Xbb56093472ac9b159fca1a5a8fa83a08f97dc01]7.2 Exposure Surfaces, Downstream Use and Error Propagation
Fused concentration surfaces are used well beyond air quality management. They serve as exposure inputs to epidemiological cohort studies, as the basis for burden estimates attributed to specific emission sources, and as evidence in regulatory impact analysis. The error properties that matter for these uses differ from those normally reported. Epidemiological estimation is sensitive to the spatial structure of exposure error and to whether that error is classical or Berkson in character, not primarily to aggregate accuracy. Source attribution studies are sensitive to whether error is correlated with source proximity. Burden estimates are sensitive to error at the tails of the exposure distribution.
Reported validation statistics address none of these directly. Cross-validated agreement against withheld monitors describes average performance at monitor-like locations. Studies that report error as a function of monitor density, of land use, or of exposure level are uncommon, and where such stratification has been performed the variation is substantial. The consequence is that downstream analyses generally propagate a single scalar uncertainty, or none at all, when the relevant uncertainty is spatially structured. This is a solvable problem: methods for propagating spatially structured prediction error into second-stage estimation are established, and the obstacle is the absence of the necessary error characterisation in the published surfaces rather than the absence of statistical machinery.
[bookmark: distributional-structure-and-equity]7.3 Distributional Structure and Equity
The distributional consequences of monitoring design are not incidental. Regulatory monitor siting reflects historical decisions about population coverage and non-attainment designation, and analysis of the spatial association between ambient pollution and demographic composition indicates systematic patterns in the United States (Chakraborty, 2025). Source-attributed modelling has shown that exposure to PM2.5 from most emission source categories is higher for people of colour than for the population average, with the pattern holding across states and source types (Tessum et al., 2021). Long-term mobile monitoring has demonstrated that disparities are detectable at both local and regional scale and that the local component is invisible to coarser methods (Chambliss et al., 2021).
Low-cost sensor deployment has been proposed as a corrective to monitoring gaps, and it does extend coverage substantially. Its distribution is nonetheless non-random: consumer sensor placement is associated with demographic and air quality characteristics, so that the added coverage does not necessarily fall where the regulatory network is weakest (deSouza & Kinney, 2021). Because fused surfaces are trained on the combined monitor and sensor set, the spatial structure of training data influences the spatial structure of predictive error, and both are correlated with the demographic variables that equity analyses examine. The methodological point is precise and often missed: an equity analysis conducted on a fused surface may partly reflect the geography of measurement rather than the geography of exposure, and no published study reviewed here has fully separated these.
[bookmark: X2b7f0a86fd9c30e73e6bc00ec4e9ef5f1dff077]8. Evidence Quality, Validation Practice and Regulatory Translation
[bookmark: the-uneven-standard-of-validation]8.1 The Uneven Standard of Validation
The preceding sections identify a consistent pattern. Where independent, blinded evaluation against known truth is feasible and has been adopted, the field has produced defensible statements about detection limits and quantification accuracy, and the gap between claimed and demonstrated performance has narrowed (Bell et al., 2022; Sherwin et al., 2024a; Ilonze et al., 2024; Daniels et al., 2025). Where such evaluation has not been adopted, performance claims rest on agreement with co-located instruments under uncontrolled conditions, and the relationship between reported agreement and deployed accuracy remains unestablished (Zimmerman et al., 2018; Malings et al., 2019; Yan, 2026). The distinction cuts across instrument cost, algorithmic sophistication and scientific prestige. It is a matter of evaluation design, and it is the most reliable predictor of whether a reported performance figure will survive independent scrutiny.
A second and related asymmetry concerns the reporting of detection probability. In the methane literature, detection probability as a function of emission rate has become a standard reported quantity, and its availability makes partial-detection correction possible. In the ambient and mobile literature, the analogous quantity, which would express the probability of correctly resolving a concentration feature of given magnitude and spatial extent, is essentially never reported. Without it, statements about what a dense network can and cannot resolve are qualitative.
[bookmark: Xef7b6012fe9ba0b84fecd663042609ac5f710e2]8.2 Interpretability, Transferability and the Limits of Prediction
Predictive accuracy and mechanistic usefulness are distinct objectives, and the literature frequently conflates them. Learned models can predict concentrations well while providing no reliable information about emissions, because the mapping from emissions to concentrations is many-to-one and the learned inverse is not identified. The appropriate response is not to abandon statistical learning but to constrain it with process representation, and progress in this direction includes machine-learned chemical mechanism emulators evaluated for stability under integration rather than only for instantaneous accuracy (Kelp et al., 2020) and source-resolved rather than aggregate bias correction of transport model output (Skipper et al., 2024). The broader argument that data-driven methods in Earth system science require integration with process understanding rather than substitution for it applies with particular force where the target quantity is an emission rather than a concentration (Reichstein et al., 2019).
[bookmark: X41170c1fdaec87890f3372513dfc8cef82d97d0]8.3 Regulatory and Infrastructural Translation
The translation of these capabilities into regulatory practice in the United States is neither automatic nor stable. Federal standards for the oil and natural gas sector adopted in 2024 established performance requirements and a programme for responding to notifications of very large emission events, and the framework has since undergone reconsideration, with technical revisions finalised in April 2026 and further amendments under development (U.S. Environmental Protection Agency, 2026). The practical implication for the measurement community is that the specification of acceptable detection technologies, and the evidentiary basis on which alternatives are approved, are moving targets. Blind performance evaluation is the form of evidence most robust to such shifts, because it produces technology-agnostic statements about detection probability that remain interpretable under changed rules.
Infrastructural fragility is a further consideration that the literature has treated only in passing. The loss of a dedicated methane observing satellite after fifteen months of operation, attributed following formal investigation to a failure originating in the flight avionics or electrical power subsystem, removed a planned observational capability on which subsequent monitoring designs had been predicated (MethaneSAT, 2025). Monitoring architectures that assume the continued availability of specific space assets are correspondingly vulnerable, and the case for redundancy across platforms is strengthened by this experience. Coordinated geostationary and multispectral observation has been argued to be necessary for progress on both air quality and climate objectives, and the argument gains force where individual missions carry non-negligible failure risk (Millet et al., 2024; Li et al., 2025).
Table 5 sets out the principal research gaps identified in this review together with proposed designs and the criterion by which progress would be recognised. Priorities are ordered by the extent to which resolving them would change conclusions currently drawn from existing data rather than by tractability, and several of the immediate priorities require coordination rather than new instrumentation. The final column identifies the evidence establishing each gap.
Table 5. Priority research gaps, proposed designs and criteria for progress.
	Gap
	Why current evidence is inadequate
	Proposed design
	Criterion for progress
	Supporting references

	Absence of blind evaluation for ambient sensors
	Co-location agreement does not establish deployed accuracy
	Multi-site blind exposure trials with concealed reference concentrations across aerosol regimes
	Published detection probability and quantification error against known truth
	Zimmerman et al. (2018); Bell et al. (2022); Yan (2026)

	Fusion treated as averaging rather than partial detection
	Platform detection thresholds differ by orders of magnitude
	Joint estimation frameworks incorporating platform-specific detection probability curves
	Fused totals reproducible from published detection curves
	Jacob et al. (2022); Sherwin et al. (2024a); Omara et al. (2022)

	Persistence and duration poorly constrained
	Snapshot surveys cannot observe emission duration
	Paired deployment of aerial survey and continuous monitoring at common sites
	Duration distributions estimated with quantified uncertainty
	Cusworth et al. (2021); Daniels et al. (2024b)

	Cross-validation misrepresents error in unmonitored areas
	Monitor siting is non-random and spatially clustered
	Spatially blocked validation and reporting of error stratified by monitor distance
	Published error surfaces rather than scalar accuracy
	Di et al. (2019); deSouza and Kinney (2021); Chakraborty (2025)

	Distribution shift during episodic events
	Corrections learned on historical regimes fail under changed aerosol composition
	Prospective evaluation across smoke and non-smoke periods with regime-specific models
	Demonstrated stability of correction across regimes
	Holder et al. (2020); Burke et al. (2023); Childs et al. (2022)

	Learned retrievals trained on simulation
	Simulated plumes embed dispersion assumptions in the learned mapping
	Controlled release imaging campaigns generating labelled observed plumes
	Model performance reported separately on observed and simulated test sets
	Jongaramrungruang et al. (2022); Rouet-Leduc and Hulbert (2024); Guanter et al. (2025)

	Vehicle domain not integrated with modern fusion methods
	Modalities analysed separately despite shared tail structure
	Joint analysis of remote sensing, portable measurement and activity data under a common statistical model
	Fleet emission distributions estimated with partial-detection correction
	Bishop and Stedman (2008); Anenberg et al. (2017); Pondicherry et al. (2021)


[bookmark: future-directions]9. Future Directions
The first immediate priority is the establishment of blind evaluation for ambient sensing. The unresolved problem is that no published figure describes the accuracy of a deployed low-cost sensor against known truth under conditions the investigators controlled. Current evidence is inadequate because co-location studies necessarily evaluate the sensor in the one location where a reference instrument already exists, and because the reference instrument used in testing is frequently the one used in training. The appropriate design is a multi-site trial in which sensors are exposed to concentrations that are known to the organisers and concealed from the analysts, spanning the aerosol regimes encountered in practice, including smoke-affected conditions. Outcome measures should include detection probability for defined concentration increments and quantification error stratified by regime, in preference to aggregate agreement statistics. The methane field has demonstrated that such trials are logistically feasible and that they change what the community believes (Bell et al., 2022; Ilonze et al., 2024). Implementation would most plausibly proceed through the existing sensor evaluation programmes operated by federal and state agencies, and the principal implication for policy is that sensor data could then be assigned defensible tiers of regulatory usability.
The second immediate priority is the reformulation of fusion as inference under partial detection. The unresolved problem is that estimates combining platforms with different detection thresholds are frequently constructed by summation or by weighted averaging that does not represent the undetected fraction. Existing evidence is inadequate because published fused totals cannot generally be reproduced from the reported inputs, since the treatment of the undetected population is not specified. The appropriate methodological improvement is a joint statistical framework in which each platform contributes a likelihood conditioned on its own detection probability curve, with the emission size distribution estimated rather than assumed. The scale required is regional rather than national in the first instance, since detection curves are condition-dependent and regional application permits verification against intensively measured basins. Progress would be recognised when a published fused total can be recomputed by an independent analyst from the reported detection curves and observations.
A third priority, on a longer horizon, concerns the temporal dimension. Persistence and duration remain the least constrained quantities in methane accounting, and they enter every conversion from measured rate to annual emission. The appropriate design is paired deployment, in which aerial or satellite survey and continuous site monitoring are conducted at a common set of sites over a common period, so that the duration distribution can be estimated for sources characterised by both methods. The site sample must be selected to represent infrastructure type and operator practice rather than convenience, since the existing continuous monitoring population is not representative (Daniels et al., 2024a; Daniels et al., 2025). The relevant timescale is at least one full annual cycle, because seasonal variation in operating practice and in atmospheric conditions affects both emission and detection. The implication for policy is direct, since duration determines the emission reduction achievable by a given inspection frequency.
A fourth priority concerns the characterisation and publication of spatial error structure in fused concentration surfaces. The unresolved problem is that downstream users receive a surface without the information required to propagate its error correctly. Current evidence is inadequate because validation is reported as a scalar summary derived from randomly withheld monitors. The appropriate improvement is routine spatially blocked validation together with publication of an error surface, or at minimum of error stratified by distance to the nearest monitor and by land use category. The populations requiring particular attention are those in areas of low monitor density, including rural, tribal and industrial-adjacent communities, because these are simultaneously the areas of greatest predictive uncertainty and of greatest policy interest (deSouza & Kinney, 2021; Tessum et al., 2021). Progress would be recognised when equity analyses conducted on fused surfaces report sensitivity to measurement geography.
A fifth priority is the development of validation practice for learned retrievals that separates simulated from observed test performance. The unresolved problem is that models trained on simulated plumes may perform well on simulated tests and poorly on observed scenes, and current reporting does not permit this to be assessed. The appropriate design combines controlled release campaigns with concurrent imaging to generate labelled observed plumes, and reporting should present performance separately on the two test populations. The relevant outcome measures are detection probability as a function of emission rate, wind speed and surface type, and quantification error conditional on detection. Because such campaigns are expensive, coordination with existing blind testing programmes would substantially reduce marginal cost (Sherwin et al., 2024a; Guanter et al., 2025).
A sixth priority, and the one most clearly neglected, is the extension of modern statistical treatment to the on-road vehicle domain. The unresolved problem is that fleet emission distributions in the United States are characterised through modalities that are not jointly analysed, despite a tail structure formally analogous to the methane case. Current evidence is inadequate because remote sensing, portable measurement and activity data are each subject to selection effects that the others could correct. The appropriate design is a joint hierarchical model treating each modality as a partial observation of a common fleet emission distribution, with explicit detection and selection models. The population requiring attention is the modern heavy-duty fleet under low-load operation, where aftertreatment performance is least reliable and where measurement is sparsest (Pondicherry et al., 2021). Progress would materially improve inventory estimates for a sector whose emissions are heavily concentrated in near-road environments.
A final, longer-term direction concerns architectural resilience. The observing system for climate-relevant emissions in the United States now depends on a small number of specialised assets, some operated by non-governmental entities, and the loss of one such asset within its design life demonstrates that this dependence carries real risk (MethaneSAT, 2025). Research is required on the design of monitoring architectures that degrade gracefully, including quantification of the information loss associated with the failure of individual platforms and the identification of minimum redundant configurations that preserve the capacity to detect large emitters and to constrain regional totals.
[bookmark: conclusions]10. Conclusions
The transition from controlled reference measurement to multi-platform, algorithmically mediated observation has produced genuine and consequential gains in the United States. The most secure of these concerns methane from oil and natural gas infrastructure, where independent measurement at facility and basin scale established that national inventory estimates were substantially incomplete, and where subsequent reconstruction of the bottom-up inventory identified the omission of abnormal operating conditions as the principal cause. That sequence, in which measurement identified a discrepancy and inventory science then explained and repaired it, represents the strongest available demonstration that fused observation can improve emissions accounting rather than merely complicate it. Comparable evidence supports the conclusion that emission distributions are strongly right-skewed and intermittent across several source categories, and that this structure is not adequately represented in conventional inventory methods.
Confidence is considerably weaker for the claims most often made on behalf of statistical learning in this field. The demonstration that supervised learning improves sensor agreement under co-location is robust, and the extrapolation from that demonstration to deployed network accuracy is not supported by the available evidence. Reported coefficients of determination describe conditions that deployment does not reproduce, and the degradation associated with transfer across sites, seasons and aerosol regimes is real, variable in magnitude and inconsistently reported. Fused concentration surfaces achieve the accuracy their validation reports at locations resembling monitors, and their accuracy elsewhere is largely uncharacterised. Because monitor placement is spatially structured and correlated with demographic composition, the geography of predictive error is not neutral with respect to the equity questions these surfaces are used to address.
The most transferable finding of this review is methodological rather than substantive. Blind evaluation against known truth has transformed the evidentiary standard in methane sensing, producing statements about detection limits and quantification accuracy that survive independent scrutiny, and it has no established counterpart in ambient sensing despite being logistically feasible there. The corresponding conceptual correction concerns fusion itself: platforms with different detection thresholds observe different fractions of the emission distribution, and combining them is a partial-detection problem rather than an averaging problem. Where this has been recognised, totals differ materially from those obtained by summation.
The broader significance is that observational capability and accounting reliability are not the same thing, and improvement in the former does not guarantee improvement in the latter. Observation improves accounting when the emission distribution has structure that observation can exploit and when the inferential chain from signal to reported quantity is validated at each step. Both conditions hold for large point sources of methane. Neither holds fully for diffuse urban carbon dioxide, for ambient concentration surfaces in unmonitored regions, or for episodic sources under changing climatic conditions. Distinguishing these cases, rather than treating sensing and learning as uniformly beneficial, is the practical requirement for using this evidence responsibly in regulation and in climate-related environmental assessment.
[bookmark: limitations]11. Limitations
This review is a narrative synthesis and is subject to the interpretive and selection biases intrinsic to that design. Although the search strategy, eligibility criteria and appraisal approach are stated explicitly and every reference was verified against a bibliographic registry, the selection of sources reflects judgements about relevance and importance that another reviewer might reasonably have made differently. Themes were developed inductively, and the emphasis placed on validation design as an organising principle, while defensible on the evidence assembled, is an interpretive choice that shapes the conclusions drawn.
Coverage is constrained by the sources that were accessible. Subscription indexes could not be searched, and the identification of records therefore depended on a bibliographic registry, general web searching and citation chaining. Records indexed only in subscription databases, and material published without a persistent identifier, are likely to be under-represented. Assessment was restricted to publications in English, which may exclude relevant methodological work published in other languages. For some publisher-hosted articles, only abstracts and openly available sections could be examined, and claims were restricted accordingly.
The evidence base itself imposes further constraints. Study designs are highly heterogeneous, with outcome measures that are not commensurable across the constituent literatures, and no quantitative synthesis was possible. Geographical representation within the United States is uneven, with methane evidence concentrated in a small number of intensively studied producing basins and ambient sensing evidence concentrated in urban areas of the west and northeast. Long-term evidence is scarce for most of the methods examined, since many were developed within the past decade, and the field is developing rapidly enough that some conclusions may be superseded. Publication bias is plausible in the calibration literature, where negative results demonstrating failed transfer are less likely to be reported than successful corrections, and comparability between studies is limited by inconsistent reporting of evaluation design. Several of the strongest evidence streams rest on observational rather than experimental designs, and the controlled release studies that do provide experimental evidence are conducted under conditions that, while realistic, are not fully representative of operational variability.
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