

  sustainability-18-04838




sustainability-18-04838







Sustainability 2026, 18(10), 4838; doi:10.3390/su18104838




Review



Artificial Intelligence in Atmospheric Composition Studies for Sustainable Air Quality Management: Spatiotemporal Concentration Forecasting and Emission Inference from Mobile and Point Sources



Anna Korzeniewska and Katarzyna Szramowiat-Sala *





Faculty of Energy and Fuels, AGH University of Krakow, Al. A. Mickiewicza 30, 30-059 Kraków, Poland









*



Correspondence: katarzyna.szramowiat@agh.edu.pl







Citation: Korzeniewska, A.; Szramowiat-Sala, K. Artificial Intelligence in Atmospheric Composition Studies for Sustainable Air Quality Management: Spatiotemporal Concentration Forecasting and Emission Inference from Mobile and Point Sources. Sustainability 2026, 18, 4838. https://doi.org/10.3390/su18104838



Academic Editors: Ana Paula Oliveira and Tânia Carraquico



Received: 27 February 2026 / Revised: 8 May 2026 / Accepted: 11 May 2026 / Published: 12 May 2026



Abstract


Air pollution remains a major challenge for sustainable development because of its impacts on human health, ecosystems, and climate. At the same time, the rapid growth of environmental data and advances in artificial intelligence (AI) have created new opportunities for atmospheric composition research and air-quality management. This review examines AI applications in atmospheric composition studies, focusing on two related but distinct tasks: (i) spatiotemporal forecasting of pollutant concentrations and (ii) emission inference from mobile and point sources. It emphasizes the fundamental differences between these tasks in terms of data requirements, model design, and physical interpretability. A synthesis of representative studies published between 2018 and 2025 is provided, covering machine learning and deep learning approaches for air-quality prediction and emission characterization. Recent foundation-style architectures and global AI weather models introduced in late 2025 and early 2026 further demonstrate the growing role of large-scale spatiotemporal learning in atmospheric and environmental prediction. Particular attention is given to hybrid and physics-informed models that aim to connect data-driven methods with atmospheric processes. The review also discusses major methodological challenges, including data representativeness, sensor uncertainty, spatial transferability, and model generalization under nonstationary conditions. It highlights the importance of leakage-resistant evaluation, appropriate temporal and spatial splitting strategies, and the roles of interpretability and uncertainty quantification in physically meaningful atmospheric modelling. From a sustainability perspective, these AI approaches can support more reliable monitoring, improved emission assessment, and better-informed strategies for air-pollution mitigation.
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1. Introduction


Environmental monitoring and prediction in atmospheric sciences are constrained by nonlinear interactions, multiscale feedback (from street-canyon turbulence and boundary-layer mixing to synoptic forcing), and stochastic variability in meteorology and emissions. Observed air-pollution fields are emergent outcomes of coupled processes: (i) source terms (emissions from mobile and stationary sources), (ii) transport and mixing (advection, diffusion, turbulence, boundary-layer evolution), (iii) chemical transformation (gas-phase and multiphase chemistry), and (iv) removal (dry/wet deposition). In standard Eulerian formulations, these mechanisms are represented by the advection–diffusion–reaction equation with source and sink terms, which provides a physical “spine” for interpreting what data-driven models should learn rather than merely predict [1]. These properties generate heterogeneous, irregular, and often high-frequency datasets that challenge classical modelling toolchains—especially when the system is nonstationary, measurements are incomplete, and source strengths evolve rapidly in time [2].



Artificial intelligence provides complementary methods for learning nonlinear mappings from environmental data. Modern deep learning architectures reframe atmospheric observations as structured objects: convolutional neural networks (CNNs) for spatial fields, recurrent and temporal-convolution models for sequences, attention mechanisms for long-range dependencies and graph neural networks (GNNs) for irregular monitoring networks [3,4]. A critical distinction—often blurred in applied AI studies—is the difference between forecasting concentrations at receptors and estimating emissions from sources. Concentration forecasting predicts what monitoring stations measure given meteorology, prior concentrations, and proxies for emissions. In contrast, emission estimation is an inverse problem: the source term is inferred indirectly through transport, mixing, and chemistry, typically requiring additional physical constraints, forward models (i.e., numerical operators that simulate how emissions propagate through atmospheric transport, mixing, and chemical transformation to produce observable concentrations), and uncertainty-aware inversion or data assimilation frameworks. In practice, emission inversion is affected by multiple sources of uncertainty, including transport model error, chemical mechanism uncertainty, and assumptions embedded in prior emission inventories. Treating these as interchangeable can lead to scientifically misleading claims [5,6]. At the same time, physically based and measurement-driven approaches—including experimental emission characterization and receptor-oriented source apportionment—provide direct insight into emission processes and source contributions, highlighting aspects of system behaviour that may not be fully captured by data-driven models alone [7,8]. AI-based hybrid modelling is increasingly adopted when physical consistency must be maintained while enabling faster inversion or higher-resolution state reconstruction [9,10]. In such workflows, machine learning (ML) augments or accelerates physics-based atmospheric models through neural surrogates, dispersion emulators, or learned parameterizations. Recent foundation-style architectures further demonstrate that attention- and graph-based models can capture long-range spatiotemporal dependencies at global scales. However, their application to air-quality problems requires adaptation to account for the central role of emissions and atmospheric chemistry [11,12]. Recent foundation-style atmospheric AI systems further demonstrate that attention- and graph-based architectures can capture long-range spatiotemporal dependencies at continental and global scales [12,13]. Examples include large-scale forecasting systems such as GraphCast and the Aurora foundation model, which illustrate the growing role of foundation-style AI in Earth-system and environmental prediction [12,13]. Related developments continued into late 2025 and early 2026, reflecting the rapid expansion of large-scale AI frameworks for weather, climate, and atmospheric forecasting [14,15]. However, their application to air-quality problems still requires adaptation to account for the central role of emissions, chemical transformation, and source-term variability. Strong predictive scores alone are not sufficient for atmospheric science. Reliable evaluation requires leakage-resistant evaluation strategies, that is, validation designs that minimize information leakage between training and test data by respecting temporal order and spatial dependence, such as blocked timesplits, rolling-origin validation, and spatial hold-outs, rather than naive random splits that inflate performance through spatiotemporal dependence [16]. The risk of opaque model behaviour should likewise be addressed through explainable AI (XAI) and calibrated uncertainty quantification, testing whether models rely on physically meaningful drivers (e.g., meteorological forcing, emission proxies, and chemical regimes) rather than spurious correlations.



Accordingly, this review provides a process-anchored synthesis of AI methodologies for atmospheric composition studies, focusing on (i) spatiotemporal forecasting of pollutant concentrations and (ii) emission inference from mobile and stationary sources treated as dynamic source terms. A central methodological contribution of this review is the distinction between concentration prediction and source-term inference. The review demonstrates that these tasks are fundamentally different in terms of physical interpretation, modelling assumptions, validation requirements, and uncertainty treatment. Throughout the review, this distinction serves as the main organizational and methodological principle for interpreting AI applications in atmospheric composition studies. Building on the advection–diffusion–reaction framework, the review relates AI approaches to atmospheric processes and data structure, and critically examines the transition from classical machine learning baselines to deep learning and hybrid physics-consistent models. Beyond performance comparisons, the review emphasizes methodological conditions required for credible inference, including leakage-resistant evaluation, robustness under spatiotemporal dependence and distribution shift, and the role of interpretability and uncertainty quantification in assessing physical plausibility.



In this sense, the review positions AI not only as a predictive tool, but as a scientific instrument for atmospheric composition, supporting physically meaningful emission characterization, defensible forecasts, and reliable decision-making in sustainable air-quality management.




2. From Classical to Modern AI


The physical framing introduced in Section 1 implies a simple but consequential point: in atmospheric composition, predictive models are not interchangeable black boxes. A method is only meaningful relative to the task it serves—forecasting concentrations at receptors versus inferring source terms—and relative to the process pathways through which emissions, transport/mixing, and chemistry jointly generate the observed fields [1,2,5,6]. This perspective motivates methodological progression that is common in practice but often blurred in the literature: transparent baselines and exploratory structure discovery first, followed by increasingly expressive models that can represent spatiotemporal dependence and heterogeneous inputs without sacrificing credible evaluation.



Classical machine learning models remain valuable in this context because they provide strong, interpretable reference points and help diagnose regime structure, nonstationarity, and data limitations before deep architectures are introduced [17,18,19,20,21]. Modern deep learning families extend this toolset by learning representations directly from structured atmospheric data—gridded fields, multi-station sequences, and networked observations—thereby capturing spatial gradients, temporal persistence, and long-range dependencies that are difficult to encode by hand [22,23,24,25,26,27].



To reduce ambiguity in terminology, we distinguish three complementary approaches to integrating physical knowledge with AI. Hybrid models couple data-driven components with physical models (e.g., CTM, dispersion, or CFD), typically using AI for surrogate modelling, bias correction, or computational acceleration. Physics-informed approaches embed physical constraints directly into the learning process, for example through loss functions, governing equations, or conservation laws. Physics-consistent approaches, in contrast, do not enforce constraints during training but ensure that model outputs remain physically plausible and interpretable, for example through post hoc validation or feature attribution.



Because the same datasets can support very different claims depending on how models are trained, validated, and interpreted, the methodological discussion in this section also keeps evaluation practice in view. Approaches that ignore spatiotemporal dependence can overstate generalization through spatial/temporal leakage, whereas blocked and time-aware splitting better reflect the conditions under which air-quality models are expected to operate [16,28].



2.1. Structure of AI-Based Modelling in Atmospheric Studies


Artificial intelligence is an umbrella term for computational methods that perform tasks typically associated with intelligent decision-making, such as prediction, pattern recognition, optimization, and control. Machine learning is a major subset of AI in which models learn statistical relationships from data rather than being fully specified by explicit rules. Within ML, artificial neural networks (ANNs) constitute a family of models built from layers of interconnected computational units. Deep learning (DL) refers to neural networks with multiple stacked layers that learn hierarchical representations directly from data (“feature learning”), thereby reducing the need for hand-crafted descriptors [17,22].



These distinctions matter operationally in atmospheric and environmental applications because they map onto data structure and scientific objectives. In this review, “classical ML” denotes feature-based models such as linear and regularized regression, support vector machines, random forests, and gradient-boosted trees, which typically rely on engineered predictors and careful preprocessing [17,18,19,20]. Classical workflows are often complemented by unsupervised structure discovery (e.g., dimensionality reduction and clustering) to identify circulation or pollution regimes, detect outliers, and support stratified evaluation [21].



By contrast, “deep learning” is used when the information content is distributed across space, time, and networks—such as gridded meteorological fields, satellite products, images, or multi-station sequences—so the model must learn spatial, temporal, or relational structure directly. Representative DL families include convolutional neural networks for spatial fields, recurrent sequence models such as LSTM/GRU for temporal dynamics, transformer-style attention mechanisms for long-range dependencies and heterogeneous data fusion, and graph neural networks for irregular monitoring networks and connectivity defined by geography or flow-related relationships [23,24,25,26,27]. “Modern AI” primarily denotes DL and hybrid, physics-consistent approaches, including physics-informed and theory-guided learning, whereas “classical AI/ML” denotes feature-based baselines and unsupervised structure discovery used for transparent benchmarking and regime diagnosis [9,10].



To organize these relationships in a physically and methodologically consistent way, we introduce a conceptual framework that links data, processes, and modelling approaches in atmospheric AI (Figure 1). The framework distinguishes between forward (concentration prediction) and inverse (emission inference) problems, emphasizing their different data requirements, modelling assumptions, and levels of uncertainty. It further incorporates validation strategies addressing temporal, spatial, and regime-dependent generalization, as well as uncertainty assessment related to sensor errors, data limitations, and model structure. The framework illustrates how combining data-driven and physics-informed approaches enables more reliable air quality forecasting, emission characterization, and supports decision-making for sustainable air quality management.



Building on this structured view, the following section focuses on practical modelling workflows used in atmospheric AI studies. We emphasize how data representation, model selection, and validation design jointly determine whether a model provides physically meaningful and generalizable results. This transition from conceptual organization to applied methodology is essential for interpreting reported model performance and for ensuring credible deployment in air-quality applications.




2.2. AI-Based Data-Science Procedure for Environmental and Atmospheric Data


The terminology in Section 2.1 clarifies what we mean by classical ML and modern deep learning families, but credible atmospheric results depend at least as much on the end-to-end data-science procedure as on the model family itself. This is particularly true for air-quality applications, where observations are heterogeneous (stations, satellites, low-cost sensors, model outputs), the system is strongly nonstationary (seasonality, regime shifts, abrupt emission changes), and spatiotemporal dependence can inflate performance when train/test separation is not designed to prevent leakage. For dependent ecological and environmental data, validation strategies should be matched to the dependence structure, with blocked and grouped splits preferred over naive random sampling when the goal is generalization across time, space, or regimes [16,28]. In this review, we use an end-to-end workflow lens—spanning problem definition, data collection, preprocessing, feature construction and split design, modelling and tuning, and finally validation and reporting—to interpret and compare studies and to identify common failure modes.



A defensible procedure begins by defining the scientific task and the intended generalization target, because these choices determine what constitutes a meaningful test. For example, receptor-side concentration forecasting, spatial reconstruction, exceedance detection, and source characterization correspond to different targets and different tolerances for error and uncertainty. Clear task specification also makes inputs interpretable in physical terms, distinguishing drivers (meteorology, boundary-layer structure) from proxies (activity indicators) and clarifying whether the analysis is intended to generalize across locations, across seasons, or across emission regimes. Comparative studies that evaluate ML models under real-world air-quality constraints highlight that differences in data handling and evaluation design can dominate differences between algorithms, including the apparent performance gap between classical machine learning and deep learning models [29,30].



Preprocessing then converts raw environmental observations into analysis-ready data, and in air-quality contexts, this step often controls the reliability of downstream conclusions. Missingness is not just an inconvenience: recent studies show that the choice of imputation strategy can materially change predictive performance and should be treated as an explicit modelling decision rather than clerical cleanup [31,32]. In addition, outlier handling and de-spiking are essential for heterogeneous sensor networks, particularly where low-cost measurements introduce spikes and artefacts that a model could otherwise learn as “signal” [33]. For short-term policy and attribution questions, it can also be important to reduce the risk that models succeed primarily by learning calendar regularities (diurnal/weekly/seasonal cycles) rather than event-scale dynamics; refined weather-normalization strategies are explicitly designed to address this failure mode [34]. When decomposition-based feature construction is used, it should be implemented in a way that respects the train/test boundary, because several decomposition pipelines can inadvertently leak future information if applied across the full dataset before splitting [35]. Decomposition-and-ensemble pipelines have nevertheless shown value when implemented carefully, helping separate temporal components before prediction [36].



Feature construction and data splitting are best treated as a coupled design step. Air-quality predictors commonly include lags, rolling aggregates, and meteorological conditioning variables, but the evaluation split must reflect the intended deployment scenario. Random splits are rarely appropriate for atmospheric time series and station networks because nearby samples are dependent; blocked time-splits, rolling-origin validation, and spatial hold-outs (e.g., leave-location-out) provide more realistic tests of generalization [16,28]. A practical template for leakage-resistant evaluation with sequence learners is provided by applications that combine recurrent models with blocked cross-validation in other environmental process settings, illustrating how to keep model selection and assessment aligned with dependence structure [37]. For atmospheric studies that make claims about transfer across stations or regions, spatial hold-outs and regime-aware reporting are particularly important, because average performance can hide systematic failures under episodes and extremes [30,34].



Within this procedure, model choice becomes interpretable rather than fashionable. Classical ML models and tree ensembles remain strong baselines for engineered predictors and are widely used to improve deterministic forecast products and to quantify performance trade-offs under realistic operational constraints [29,30]. Deep learning architectures are most justified when information is distributed across space, time, and networks—such as gridded fields, multi-station sequences, or irregular sensor layouts—because they can learn structure that is difficult to encode manually. Representative examples include CNN–LSTM hybrids for spatiotemporal prediction [38], transfer-oriented sequence models for new monitoring sites [39], and graph-based approaches that model inter-station coupling for air-quality forecasting [40,41,42]. Hybrid and physics-consistent approaches can further strengthen robustness under regime shifts by incorporating physically motivated constraints or coupling learned components to mechanistic modelling elements; these strategies are particularly relevant when extrapolation is required beyond the regimes represented in training data [21,22].



Model fitting should be paired with transparent hyperparameter tuning and regularization, because nonstationarity and dependence can enable subtle overfitting even when headline skill appears strong. Reproducible tuning workflows increasingly use cross-validation combined with Bayesian hyperparameter optimization in environmental classification and modelling contexts, and similar ideas have been used for sensor-correction applications where model settings strongly affect performance [43,44]. To preserve credibility, tuning should be performed strictly within training data, with the final test set reserved for a single unbiased assessment under the target split design [28,29].



Finally, evaluation and reporting translate scores into atmospheric meaning. Metrics should match the task (e.g., RMSE/MAE and bias for concentration prediction; classification metrics for exceedance detection), and reporting should be stratified by pollutant, site type, lead time, and regime, where possible, because averaged metrics can mask breakdown during high-impact episodes [30,34]. When interpretability tools are used, they should be treated as diagnostic instruments rather than decorations: they should test whether the model relies on physically plausible drivers and whether conclusions remain stable under perturbations, missingness, and drift [45]. Taken together, these end-to-end considerations provide a consistent basis for comparing studies reviewed later in this paper and for distinguishing genuine generalization from results inflated by leakage or dataset-specific artefacts [16,28,35]. For operational settings, they should be extended with post-deployment monitoring (drift detection, recalibration triggers, and periodic revalidation) to prevent silent performance degradation. This workflow perspective provides the methodological backbone for interpreting the studies reviewed in subsequent sections.




2.3. From Classical ML to Modern DL: Architectures Matched to Data Structure


In this section, we focus not on exhaustive model taxonomy but on how architectural choices align with the structure of atmospheric data and the nature of the prediction or inference task. The central methodological point of Section 2 is that model families are tools whose usefulness depends on the geometry of the data and the type of atmospheric signal one expects the model to represent. In air-quality applications, this geometry is rarely “tabular” in a strict sense: information is distributed across space (fields and gradients), time (persistence and delayed responses), and networks (irregular station layouts and inter-site coupling). Modern deep learning families are therefore best understood as architectures that impose inductive biases aligned with these structures, rather than as universally superior replacements for classical ML. Classical machine learning models remain indispensable as transparent reference points and strong performers when predictors are well engineered (meteorology, emissions proxies, lags, rolling aggregates) and when interpretability or limited data dominate. Linear and regularized regression, support-vector methods, random forests, and gradient-boosted trees are widely used because they provide robust baselines and expose whether performance gains from deep models reflect genuine spatiotemporal learning or simply improved fitting of seasonality and covariate interactions [17,18,19,29,30]. Unsupervised structure discovery (e.g., dimensionality reduction and clustering) can further reveal regime structure and guide stratified analysis, supporting physically interpretable comparisons across methods. Deep learning architectures become most defensible when the predictive content is embedded in structured inputs that are difficult to compress into hand-crafted features without losing key information. For spatially structured data—gridded meteorology, satellite products, or model fields—convolutional neural networks provide an inductive bias that matches local spatial coherence and multiscale patterns. CNN-based components are therefore natural for learning spatial gradients and plume-like morphology when inputs can be represented on a grid, and CNN–sequence hybrids are frequently used when both spatial and temporal dependencies are important [22,23,38].



When temporal dependence is central, recurrent sequence models such as LSTM/GRU provide a direct mechanism for representing persistence and delayed responses associated with transport, boundary-layer evolution, and chemistry. In air-quality forecasting, sequence learners are commonly applied as site-level predictors or as temporal modules inside spatiotemporal systems, and transfer-oriented variants have been proposed to support prediction at newly deployed stations with limited historical data [24,25,39]. Temporal convolutional designs can provide similar benefits while offering stable training and parallelism and are often used as alternatives to recurrent modules in modern pipelines [3,46].



Attention-based models (transformers) extend sequence modelling by learning flexible, content-dependent interactions across long horizons and heterogeneous inputs. This is attractive when relevant context spans multiple time scales (episode build-up versus synoptic transitions) and when multi-source fusion is required (stations + satellite + reanalysis + proxies). In atmospheric applications, attention mechanisms can help represent long-range dependence, but they also increase model capacity and therefore require disciplined study design and careful interpretation of what signals the model uses in practice [26]. In this review, transformers are treated as a powerful representational family whose value depends on whether they capture physically plausible dependencies rather than shortcut correlations [47].



For irregular monitoring networks, graph neural networks provide an inductive bias closer to how air-quality observations are collected: nodes (stations/sensors) connected by edges that encode proximity, similarity, or transport-informed coupling. In GNNs, each node iteratively aggregates information from its neighbours through a learned message-passing mechanism, updating its hidden representation based on both local features and the graph structure. This allows the model to capture spatial dependencies defined by network topology rather than purely Euclidean distance [27,48]. Graph-based forecasting explicitly models inter-station dependence and can incorporate heterogeneous node attributes (site type, elevation, local land use) as well as dynamic meteorological context. Recent studies demonstrate attentive and spatiotemporal graph designs for air-quality prediction and spatial inference on networks that do not align with regular grids [27,40,41,42]. In atmospheric applications, GNNs are particularly suitable where station density is uneven and where pollutant transport relationships are not strictly distance-based but influenced by local dynamics and connectivity patterns.



Viewed together, modern DL should not be framed as a replacement for classical ML but as an expansion of representational capacity that becomes useful when the data structure demands it. Classical baselines remain essential for transparency and for anchoring claims, while CNN/sequence/attention/graph architectures become most valuable when they are selected to match the underlying space–time–network structure of the observations and when their learned dependencies can be defended as physically meaningful rather than incidental [17,18,19,20,21,22,23,24,25,26,27].



A consistent observation across atmospheric and environmental studies is that performance differences between classical machine learning models and deep learning approaches are highly task- and data-dependent rather than universal. Classical models such as random forests and gradient-boosted trees often provide competitive or superior performance when predictors are well engineered, datasets are moderate in size, and the dominant signal can be captured through aggregated meteorological and proxy variables. In such settings, their robustness, lower variance, and interpretability make them strong baselines and, in some cases, preferred operational choices. By contrast, deep learning architectures tend to outperform classical models when predictive information is distributed across structured inputs—such as spatial fields, temporal sequences, or monitoring networks—and when the task requires learning interactions that are difficult to encode explicitly. This includes spatiotemporal forecasting, multi-source data fusion, and transfer across locations with heterogeneous conditions. However, these gains are contingent on sufficient data volume, careful regularization, and leakage-resistant evaluation; otherwise, deep models may overfit or exploit spurious correlations while appearing to achieve high accuracy.



Importantly, reported performance improvements should be interpreted with caution in the presence of spatiotemporal dependence. Studies using random train/test splits frequently overestimate the advantage of deep learning, whereas more realistic validation strategies (e.g., temporal blocking or spatial hold-outs) often reduce or eliminate apparent performance gaps. For this reason, classical and deep models should be viewed as complementary rather than hierarchical, with their relative performance determined by data structure, task definition, and evaluation design rather than by model complexity alone.



Model suitability in atmospheric applications is therefore determined not only by data structure, but also by the underlying physical processes that generate the observed signals. Spatial models such as CNNs are most effective when pollutant fields exhibit coherent gradients or plume-like structures but may struggle when transport is dominated by highly irregular or non-local dynamics. Sequence models (LSTM/GRU) are well suited to processes with temporal persistence and delayed responses, yet their performance can degrade under regime shifts, abrupt emission changes, or nonstationary forcing. Attention-based models and transformers can capture long-range and multi-scale dependencies, but their flexibility increases the risk of learning spurious correlations if not constrained by appropriate validation. Similarly, graph-based models are particularly suitable for irregular monitoring networks, although their performance depends on how well the graph structure reflects actual transport or interaction pathways. These considerations highlight that model choice should be guided not only by data representation, but also by process characteristics and known failure modes under atmospheric conditions.



This alignment between data structure and model architecture motivates the shift in the next section toward methodological principles that determine whether such models yield robust and physically credible results in practice [16,28,45].





3. Methodological Foundations for AI in Atmospheric Sciences: Data Preparation, Evaluation, and Trustworthy Deployment


Section 2 mapped model families to the geometry of atmospheric data (grids, sequences, and networks). Section 3 formalizes the methodological spine required for credible inference and operational relevance in atmospheric composition. The core message is that performance claims are only interpretable relative to (i) the governing physical problem being approximated—forecasting a concentration field at receptors versus inferring emissions as a source term—and (ii) an evaluation design that reflects spatiotemporal dependence, nonstationarity, and episode behaviour. Accordingly, we first anchor the discussion in governing equations and the inverse problem framing, and then outline methodological practices for data preparation, validation, transfer/drift, and uncertainty-aware reporting that reduce the risk of leakage, shortcut learning, and silent performance degradation under shift [1,2,5,6,16,28].



3.1. Governing Equations and Inverse Problem Framing


Air-pollution fields emerge from emissions, transport, mixing, chemical transformation, and removal. A compact representation is the advection–diffusion–reaction equation for pollutant concentration   c ( x , t )   (or a vector of chemical species), written schematically as [1,2]:


     ∂ c   ∂ t    + ∇ ⋅ ( u c ) = ∇ ⋅ ( K ∇ c ) + S ( x , t ) + P ( c , … ) − L ( c , … ) ,  








where




	
  u  —wind field (advection velocity),



	
  K  —effective diffusion/turbulent mixing coefficient,



	
  S ( x , t )  —source term (emissions from mobile and point sources),



	
  P ( c , … )  —chemical production processes,



	
  L ( c , … )  —chemical loss and removal processes (including deposition).








This “process spine” clarifies what different AI tasks mean physically.



Receptor-side concentration forecasting can be viewed as learning a predictive mapping for concentrations at stations or on a grid conditional on meteorology, past concentrations, and emissions proxies. A generic formulation is:


    c  ^  ( t + Δ t ) =   f   θ    (    c ( t : t − τ ) ,    meteo  ( t : t − τ ) ,    proxies  ( t : t − τ )   ,  








where:




	
    f   θ    —ML/DL model parameterised by   θ  ,



	
  c ( t : t − τ )  —past concentration observations,



	
  meteo ( t : t − τ )  —meteorological inputs,



	
  proxies ( t : t − τ )  —emission proxies or auxiliary predictors,



	
  Δ t  —prediction horizon.








Such predictors are valuable for short-term forecasting and reconstruction, but they do not by themselves imply recovery of emissions unless the modelling framework is explicitly constructed and validated for source-term inference [5,6].



Emission estimation is an inverse problem: the emission source term S is inferred indirectly from concentration observations and a forward operator that encodes transport, mixing, and chemistry. A standard observation model is:


  y = H ( S ;    meteo  , chem ) + ε ,  








where:




	
  y  —observed concentrations,



	
  H ( ⋅ )  —forward operator (transport, mixing, chemistry),



	
  S  —emission source term represented in the observation model,



	
  ε  —observation error,








and a common regularized estimator is:


    S  ^  = a r g   m i n   S   ∥ y − H ( S )   ∥     R   − 1     2   + λ   Φ ( S ) ,  








where:




	
Ŝ—estimated emission source term obtained from the inversion,



	
  R  —observation-error covariance matrix,



	
  Φ ( S )  —regularization term (e.g., smoothness, sparsity, inventory constraints),



	
  λ  —regularization parameter [5,6]








This framing is important for this review because it distinguishes (i) “predicting concentrations using proxy inputs” from (ii) “inferring emissions as a source term”, which requires physical constraints and uncertainty-aware inversion rather than purely predictive fitting [5,6,49,50,51]. Emission inversion is inherently an ill-posed problem because different emission configurations can produce similar concentration fields under varying transport and chemical conditions. As a result, the stability and identifiability of emission estimates depend strongly on the observational constraints. Sparse or unevenly distributed monitoring networks limit the ability to resolve spatial emission patterns, while measurement uncertainty and temporal resolution affect the reliability of inferred source dynamics.



In addition, inversion results are sensitive to errors in the forward operator. Uncertainty in atmospheric transport (e.g., wind fields, boundary-layer mixing) can propagate directly into emission estimates, leading to systematic bias or misattribution of sources. Similarly, incomplete or uncertain representation of chemical processes affects the production and loss terms, altering the relationship between emissions and observed concentrations. Finally, prior assumptions and regularization choices play a critical role in constraining the solution: while they stabilize the inversion, they can also bias results toward assumed emission patterns. These factors imply that emission estimates should be interpreted as conditional on the modelling framework and data constraints rather than as uniquely determined quantities.



For source-oriented applications, it is also useful to recall the decomposition of emissions into activity and emission factors:


  E ( t ) = A ( t ) ⋅ E F ( t ) ,  








where:




	
  E ( t )  —emissions,



	
  A ( t )  —activity level,



	
  E F ( t )  —emission factor.








which supports physically interpretable feature design and helps separate activity-driven variability from changes in emission controls or technology. In atmospheric inference, however, identifiability of   E ( t )   depends on the observation network and on the adequacy of the transport–chemistry representation, reinforcing the need for rigorous validation and uncertainty quantification [1,2,5,6,52].




3.2. Data Preparation Under Nonstationarity: Representativeness, Leakage Control, and Regimes


Atmospheric datasets are strongly nonstationary due to seasonality, synoptic variability, regime shifts, and abrupt emission changes; they are also heterogeneous in both measurement characteristics and sampling geometry (stations, satellites, low-cost sensors, model products). Data preparation is therefore not a clerical step but a scientific design choice that shapes what the model can learn and what claims are defensible. These challenges can be systematically interpreted as failure modes arising at different stages of the modelling pipeline, as illustrated in Figure 2.



A robust preparation pipeline begins with representativeness checks: whether training data cover the relevant meteorological and emissions regimes, including extremes. Quality control must be explicit in heterogeneous sensor networks, where spikes, drift, and artefacts can otherwise be mistaken for “signal” [33]. Missingness should be treated as a modelling decision, because the choice of imputation strategy can materially alter performance and uncertainty; sensitivity analysis across imputation methods is therefore recommended [31,32]. For short-term policy or attribution questions, it can also be important to reduce the risk that models succeed primarily by learning calendar regularities (diurnal/weekly/seasonal cycles) rather than event-scale dynamics; refined weather-normalization strategies target this failure mode [34].



Many pipelines also include decomposition-based feature construction. These steps must respect the train/test boundary because applying decomposition to the full dataset before splitting can leak future information into training, inflating apparent skill [35]. When implemented carefully within the training window, decomposition-and-ensemble pipelines can nevertheless help separate temporal components before prediction and improve robustness [36]. Finally, regime discovery and stratification (e.g., clustering by meteorological patterns or pollution regimes) can support balanced training and regime-aware reporting, preventing average scores from hiding systematic failures in stagnation events or transition seasons [21,30,34].




3.3. Validation in Time and Space: Realistic Generalization, Episode Testing, and External Datasets


Because air-quality observations are spatiotemporally dependent, the validation strategy should be chosen according to the scientific claim being made, not treated as a generic technical step. When the goal is prediction over time, blocked-time splits and rolling-origin validation are appropriate because they respect temporal order and prevent future information from leaking into the training window. When prediction across locations is the goal of the modelling, spatial hold-outs (e.g., leave-location-out) are necessary because they test transfer to unseen stations or regions rather than interpolation near sites already represented in training [16,28]. When the goal is robustness under changing emission conditions, evaluation should include held-out periods containing regime shifts, such as lockdowns, policy interventions, or fuel changes, because the relevant question is not only average in-regime accuracy, but performance under nonstationarity and high-impact episodes [30,34]. Treating these validation strategies as interchangeable can lead to misleading conclusions about model performance, particularly in the presence of spatiotemporal dependence and distribution shift.




3.4. Transfer, Domain Shift, and Drift: From “One-Off Accuracy” to Life-Cycle Performance


Even models that validate well can fail under domain shift: changes in emissions, measurement systems, station relocation, meteorological regimes, or chemical environments. Transfer learning and domain adaptation can reuse learned representations for new locations or sensors, but atmospheric deployment requires diagnostics that separate genuine physical change from data artefacts and that quantify how performance degrades under shift [39,45]. Drift is a life-cycle reality for monitoring systems, so operational pipelines should include drift detection triggers, periodic revalidation, and decision rules for recalibration or retraining [45,53,54].



For networked deployments, drift can be heterogeneous (affecting subsets of sensors) and temporally structured (seasonal drift versus abrupt step changes). Monitoring should therefore operate at multiple granularities (site-level, pollutant-level, regime-level) and include quality-control gates and anomaly detection that prevent silent failure propagation into forecasts and decision support [53].




3.5. Uncertainty and Trustworthiness: Probabilistic Outputs, Calibration, and Integrity of Monitoring Pipelines


In operational atmospheric applications, point predictions alone are insufficient; uncertainty estimates should be reported in a form that is both calibrated and physically interpretable. Uncertainty arises from two main sources. The first is inherent atmospheric variability, including turbulent mixing, short-term fluctuations in emissions, and rapidly changing meteorological conditions, which define a natural limit to predictability (aleatoric uncertainty). The second is related to model and data limitations, such as sparse monitoring networks, measurement errors, or distributional shift between training and application conditions (epistemic uncertainty). This distinction is important because it separates uncertainty that cannot be reduced from uncertainty that reflects limitations of the modelling framework [55]. For inverse problems, an additional source of uncertainty is critical. Emission estimates derived from concentration data depend on transport representation, chemical processes, and prior assumptions, and may therefore not be unique. As a result, uncertainty in inferred emissions should be reported explicitly, together with sensitivity to modelling assumptions, rather than represented by a single best estimate [5,6].



For explainable AI to be scientifically useful in atmospheric studies, model explanations must be interpretable in terms of known physical and chemical processes. An explanation is physically meaningful when the attributed predictors correspond to known or mechanistically interpretable drivers of pollutant variability, such as wind speed and direction for dispersion, boundary-layer height for vertical mixing, or stagnation and inversion conditions for pollutant accumulation. By contrast, dominant attribution to shortcut variables such as calendar features, site identifiers, or other non-causal proxies suggests that the model may be exploiting statistical regularities rather than learning atmospheric mechanisms. Practical evaluation should therefore go beyond reporting feature importance alone and include process-based checks, such as predictor ablation, comparison of SHAP-style attributions with known source–meteorology relationships, and testing whether explanations remain consistent with expected differences across pollutants, site types, and seasonal regimes [45].



This idea can be formalized as physically guided feature importance, in which attribution scores obtained from SHAP, LIME, or related XAI methods are systematically evaluated against established domain knowledge rather than interpreted only in statistical terms. The underlying principle is that a model which has genuinely learned the governing physical and chemical processes should produce feature attributions that are consistent, in both sign and relative magnitude, with known regime-dependent directional relationships.



Ozone modelling provides a particularly instructive testbed for this approach. Photochemical ozone formation operates under distinct photochemical regimes: in VOC-limited (NOx-saturated) environments, reducing VOC emissions decreases ozone, whereas reducing NOx may increase it. In NOx-limited environments, the response is reversed. The boundary between these regimes can be characterized empirically through the satellite-derived HCHO/NO2 ratio, which serves as an observational indicator of the relative availability of VOC and NOx precursors, and has been shown to track the transition between regimes across major U.S. urban areas over two decades, providing a chemically grounded benchmark against which model behaviour can be assessed [56]. In a machine learning context, physically guided feature importance requires that the SHAP values assigned to VOC- and NOx-related predictors, radiation, and temperature shift in a regime-consistent manner: VOC-related predictors should dominate attribution in VOC-limited areas, while NOx-related predictors should gain relative importance in NOx-limited regimes. This type of validation has been demonstrated in a LightGBM–SHAP framework applied to ozone formation, where SHAP-derived feature rankings were found to be consistent with TROPOMI-based HCHO/NO2 diagnostics identifying the study area as predominantly VOC-limited, lending credibility to the model’s internal logic beyond what predictive metrics alone could establish [57].



Incorporating physically guided feature importance as a validation step thus strengthens the credibility of XAI outputs in two complementary ways: it provides an independent, domain-grounded check on model behaviour, and it makes explainability results interpretable to domain scientists who may be sceptical of purely data-driven attributions.





4. Applications: Atmospheric Fields and Emission Sources as a Coupled System


Air quality at the surface is an emergent property of a coupled system in which emissions provide time-varying source terms, while meteorology and chemistry control transport, mixing, and transformation of pollutants. In modelling terms, this coupling links (i) the evolution of concentration fields (advection–diffusion–reaction, modulated by boundary-layer dynamics) and (ii) the magnitude and speciation of emissions, which depend on operating conditions and can change rapidly in time. AI methods are increasingly used on both sides of this coupling. On the field side, they support forecasting and spatiotemporal reconstruction of pollutant concentrations from observations, meteorological drivers, and auxiliary products. On the source side, they enable data-driven characterization of emission factors, operating-regime-dependent emission signatures, and sensor-based diagnostics that can act as constraints or inputs for atmospheric applications. The key methodological challenge is ensuring that learned relationships remain valid under regime shifts (meteorological variability, policy-driven emission changes, sensor network evolution) and that evaluation designs reflect intended use without information leakage [1,5,6,16,28].



For clarity, the reviewed studies can be grouped into two main categories: (i) receptor-oriented concentration forecasting and spatiotemporal inference (Section 4.1), and (ii) source-oriented approaches addressing emissions as dynamic source terms (Section 4.2 and Section 4.3). Importantly, only a subset of studies in these categories perform true emission inference in the inverse-problem sense, while many rely on proxy-based modelling of emissions or concentration prediction.



4.1. Atmospheric Pollution Forecasting and Spatiotemporal Inference


Artificial intelligence is now widely used to predict and reconstruct atmospheric pollution fields, including near-surface PM and gas concentrations, across space and time. These applications target both forecasting (e.g., hours to days ahead at stations or grids) and spatiotemporal inference (inferring concentrations at unmonitored locations or producing gridded products from heterogeneous observations). In atmospheric settings, the main difficulty is that pollutant fields reflect a coupled interplay of time-varying emissions, transport, and boundary-layer mixing, and chemical transformation, producing nonstationary behaviour and regime shifts (e.g., stagnation episodes versus advective conditions). Consequently, model design and evaluation must emphasize generalization under changing meteorology/emissions and avoid overly optimistic scores caused by temporal or spatial dependence, which can introduce implicit information leakage when standard random splits are used. Table 1 shows that most approaches focus on concentration prediction using structured spatiotemporal inputs, while relatively fewer studies address emission inference in a physically consistent manner.



Table 1 summarizes representative peer-reviewed studies that illustrate how modern topologies of models address key atmospheric challenges. Most studies in this category focus on concentration prediction and reconstruction, rather than explicit estimation of emissions as source terms. The first atmosphere-facing direction is top-down emission estimation and inventory adjustment for chemical-transport-model (CTM) applications, where neural surrogates of CTM behaviour can enable fast sensitivity analysis and iterative updating of emission inputs while retaining a link to atmospheric physics through the surrogate’s training target and constraints [58]. For station-network forecasting, spatiotemporal graph convolutional networks (ST-GCN) explicitly model inter-station dependencies and provide scalable frameworks for city-level PM prediction [42], including variants with adaptive attention mechanisms that learn dynamic influence patterns across the monitoring network [41]. hybrid deep spatiotemporal models (e.g., CNN–LSTM) remain useful reference points, demonstrating how nonlinear temporal dynamics and spatial coupling can be captured with relatively interpretable components [38]. These architectures are effective because they align with the physical structure of atmospheric processes: temporal models capture persistence and delayed responses driven by transport and boundary-layer evolution, while spatial components represent gradients and inter-station coupling. However, their performance degrades when key drivers of variability (e.g., emissions changes or local meteorology) are not adequately represented in the input data, or when evaluation does not reflect deployment conditions.



The Air Quality Index (AQI) is widely used as an operational, single-value indicator that synthesizes the combined burden of major air pollutants into an interpretable measure of air-quality status and health risk [59,60,61]. In most applications, AQI aggregates information from key criteria pollutants, including PM2.5, PM10, NO2, SO2, CO, and O3, which makes it more useful for communication, warning systems, and policy support than isolated pollutant time series alone [59,60]. At the same time, AQI is not merely a compact reporting metric, because its variability remains strongly shaped by meteorological conditions that govern pollutant accumulation, transport, dispersion, and dilution, including wind speed, rainfall, temperature, and humidity [60,61]. This combination of multi-pollutant aggregation and meteorological sensitivity makes AQI forecasting a particularly demanding spatiotemporal problem: although the target is highly relevant for public-health communication and environmental management, it still reflects nonlinear interactions across pollutants, atmospheric processes, and monitoring locations [59,60,61]. For this reason, AQI provides a natural testbed for graph-based and spatiotemporal deep learning models, which are explicitly designed to learn temporal persistence together with inter-station dependencies that simpler isolated time-series approaches may fail to represent adequately [59].



Alongside architecture choice, several studies emphasize that skill claims are inseparable from evaluation design. Comparative and real-world benchmarking work helps quantify how much improvement is gained over classical baselines and whether gains persist across episodes that matter operationally (alerts, interventions), rather than only in average conditions [29,30]. Importantly, these findings also indicate that reported performance is highly sensitive to validation design, and that realistic evaluation often narrows the gap between model classes.




4.2. Automotive Exhaust Emissions and Toxicity: AI Methods Relevant to Atmospheric Pollution from Mobile Sources


Mobile sources are a major contributor to urban NOx, CO, VOCs and primary particulate matter, and their relevance to population exposure is amplified by strong temporal variability under real driving and by the proximity of emissions to receptors. From an atmospheric-science perspective, the key aim is therefore not engine optimization per se, but the derivation of reliable, time-resolved emission signals and driving-regime-dependent emission factors that can be used to constrain inventories, feed dispersion and exposure models, and support forecasting and scenario analyses [1,2,16].



Recent AI methods contribute to this objective in several complementary ways (Table 2). Virtual sensing approaches learn mappings from on-board operational variables to instantaneous emissions, enabling high-frequency NOx estimation under noisy, nonstationary RDE conditions [62]. Low-latency temporal architectures such as temporal convolutional networks (TCNs) provide transient emission prediction suitable for on-board monitoring as well as for generating high-resolution emission time series that better represent short-lived spikes relevant to near-road impacts [63]. Supervised learning using real-world vehicle activity and road-context data supports dynamic emission modelling that translates kinematics and context into regime-dependent estimates, improving link-level inventories and supporting joint air-quality and climate assessments [64]. At fleet scale, event detection and screening models can identify high-emission episodes or high emitters from remote data streams, enabling targeted mitigation and dynamic inventory correction [65]. In parallel, ML-based models for non-exhaust particulate sources (e.g., brake emissions) help quantify contributions that may dominate urban PM exposure in certain settings and are difficult to capture with traditional exhaust-oriented parameterizations [66].



Finally, unsupervised regime discovery converts raw high-frequency streams into interpretable operating states with distinct emission signatures, supporting regime-conditioned parameterizations and more realistic temporal allocation of emissions [67]. Because mobile emissions are strongly regime-dependent and prone to distribution shift (route, temperature, driver behaviour, vehicle condition), evaluation should reflect intended deployment: time-aware splitting to avoid leakage, robustness checks across operating domains, and reporting of systematic bias in addition to average accuracy [16,28]. This is also evident in Table 2, where studies relying on high-frequency data and sequence-aware models tend to emphasize temporal structure, while approaches based on aggregated or context features may mask short-term variability. In practice, models relying on aggregated or proxy-based inputs may fail to capture short-lived emission spikes and regime transitions, while high-capacity temporal models remain sensitive to data quality, sensor noise, and limited coverage of rare operating conditions.




4.3. Stationary Combustion Diagnostics and Emission-Relevant Modelling: Methods Relevant to Atmospheric Pollution from Point Sources


Stationary combustion systems remain major point sources of NOx, CO and primary particulate emissions, and their emission profiles can change rapidly under load transients, fuel switching, and thermoacoustic instability. From an atmospheric-science perspective, the practical objective is not combustion optimization per se, but extracting time-resolved, regime-aware emission-relevant information that can support point-source characterization, scenario analysis, and (where available) coupling to dispersion/chemistry frameworks as dynamic inputs. In this context, recent AI work contributes in three complementary ways (Table 3): (i) identifying stability boundaries and operational regimes linked to a higher risk of emission excursions, (ii) providing fast instability detection from diagnostic data streams suitable for monitoring and early intervention, and (iii) enabling computational acceleration and sparse-sensing reconstruction that make high-fidelity state information more accessible in practice. Table 3 (continued) includes additional representative studies illustrating emission prediction under different validation strategies.



A first line of work focuses on learning stability maps from operating variables and measured signals to delineate stable versus unstable regimes and to approximate stability limits. Such empirical boundary mapping can be operationally valuable because it translates complex combustor behaviour into actionable “safe operating envelopes,” reducing time spent near unstable conditions that are commonly associated with degraded combustion and higher CO/NOx variability. This is illustrated by neural-network-based stability prediction for industrial gas combustion, where stability regimes are learned directly from operating conditions and measurements and can be used to guide operation toward lower-risk regions [68]. Complementary to boundary mapping, fast instability detection targets the early recognition of thermoacoustic transitions using high-frequency diagnostic streams, where the emphasis is on sensitivity and lead time rather than only average error. Deep spatiotemporal models combining convolutional feature extraction with temporal sequence learning have been demonstrated for rapid detection of combustion instability, supporting online monitoring that can trigger mitigation before high-amplitude oscillations develop and drive short-lived emission spikes [69]. These modern deep learning approaches sit on a longer methodological arc: earlier ANN studies already showed that instability signatures can be learned from measurements, establishing the basic feasibility of data-driven instability prediction and motivating today’s higher-capacity sequence and imaging pipelines [70].



A second direction aligns with the practical reality that industrial systems often operate under limited instrumentation. Here, hybrid digital-twin concepts and sparse-sensing strategies aim to reconstruct emission-relevant states from a small number of sensors while leveraging numerical priors or reduced representations. Adaptive digital twins using sparse sensing have been demonstrated for combustion systems, showing that meaningful state estimation is feasible even when full-field observations are not available, which is directly relevant for translating point-source operation into higher-frequency, better-resolved inputs for atmospheric applications [71]. In parallel, AI-based predictive models for alternative-fuel and dual-fuel operating regimes can support characterization of emission-relevant behaviour under fuel switching (an increasingly common real-world driver of regime change), providing learned mappings between operating conditions and system response that can be used to summarize regime-dependent behaviour and inform scenario-based emission characterization [72]. Finally, chemistry acceleration via deep surrogates enables broader simulation coverage of pollutant-forming pathways that are otherwise computationally prohibitive, which matters when point-source characterization requires richer chemistry (e.g., NH3/H2 combustion with NOx and NH3-slip-relevant pathways). Deep learning chemistry acceleration methods have been proposed to retain acceptable fidelity to detailed kinetics while enabling orders-of-magnitude speed-ups, facilitating more extensive exploration of emission-relevant chemistry in CFD/LES-style analyses [73].



Because point-source behaviour is strongly regime-dependent and can shift with operating mode, load, or fuel, evaluation should reflect intended deployment rather than only retrospective fit. Time-aware splitting helps avoid leakage in high-frequency sequences, robustness checks across operating regimes are necessary to detect failure under transitions [16,28]. In practice, this effect is clearly reflected in comparative modelling studies. Approaches based on random train/test splits often report higher predictive performance, as temporally adjacent observations share similar operating conditions and emission characteristics, leading to implicit information leakage. By contrast, studies explicitly accounting for temporal dependence—including sequence-based models such as LSTM combined with time-aware splitting—typically report lower but more realistic performance, particularly for emission components exhibiting strong transient and regime-dependent behaviour (e.g., CO or OGC). This indicates that the apparent modelling difficulty in combustion-related applications is not solely a property of the model architecture, but emerges from the interaction between data structure, temporal dependence, and validation design [74,75]. Thus, reporting should include systematic bias and failure modes in addition to average metrics. These practices align with established guidance on validation under structured dependence and the known pitfalls of naive cross-validation for time series.





 





Table 3. Point-source emission estimation and combustion-state diagnostics with AI (stationary sources).






Table 3. Point-source emission estimation and combustion-state diagnostics with AI (stationary sources).





	Application/Problem
	Model/Architecture
	Input Data and Preprocessing
	Evaluation Metrics (Typical Reporting)
	Key Findings (AAS-Relevant Takeaway)
	Year





	Stability boundary mapping for industrial gas burners [69]
	ANN/MLP classifier–regressor for stability regimes/limits
	Burner operating parameters + measured signals; normalization; train/test split
	Accuracy/F1 (classification); boundary error; false-alarm rate (where reported)
	Learns empirical stability maps that support operation within low-risk regimes, reducing probability of unstable combustion associated with CO/NOx excursions
	2021



	Fast instability detection from diagnostic signals (deep sequence classifier) [68]
	LSTM–CNN hybrid (feature extraction + temporal classification)
	High-frequency sensor/diagnostic time series (as provided in study); standardization; supervised training
	Detection accuracy/sensitivity; lead time; latency (if reported)
	Enables early detection of thermoacoustic instability, supporting mitigation before oscillations trigger emission spikes
	2021



	Neural prediction of combustion instability (early ANN approach) [70]
	Feed-forward ANN/neural predictor
	Experimental/sensor signals; normalization; supervised training
	Prediction error; classification accuracy (as reported)
	Early evidence that data-driven predictors can anticipate instability regimes, motivating modern real-time diagnostics for point-source emissions control
	2002



	Sparse-sensing digital twins for industrial combustion monitoring [71]
	Adaptive digital twin with sparse sensing strategies (hybrid physics–data)
	Sparse sensor signals + numerical priors; sparse reconstruction/updating
	Reconstruction error; stability of adaptation; robustness to sensor sparsity
	Demonstrates feasible monitoring under limited instrumentation, enabling estimation of emission-relevant states in point sources
	2023



	Predictive modelling for H2/NG/Diesel dual-fuel operation (emission-relevant operating regimes) [72]
	Predictive ML model (as proposed in study)
	Engine operating variables; preprocessing per study; train/test split
	RMSE/MAE/R2 (as reported)
	Supports mapping of operating regimes for low-carbon fuels; relevant for characterizing point-source emissions under fuel switching scenarios
	2023



	Chemistry acceleration for NH3/H2 combustion (NOx/NH3-slip pathways) [73]
	DL surrogate for chemical kinetics/closure terms
	Simulation datasets; state→source mapping; validation vs. detailed chemistry
	Speed-up factor; error vs. detailed chemistry
	Reduces cost of detailed chemistry while retaining fidelity, enabling broader inclusion of NOx/NH3-slip-relevant pathways in CFD/LES for point-source characterization
	2025



	Emission prediction under controlled experimental conditions [74]
	ANN (feed-forward)
	Heating devices operational parameters, environmental performance of heating devices
	Random train/test split
	High predictive accuracy, potentially influenced by temporal dependence and leakage effects
	2024



	Time-series emission modelling under dynamic combustion conditions [75]
	LSTM/sequence-based models
	Heating devices operational parameters, environmental performance of heating devices
	Time-aware splitting
	Lower but more realistic performance, highlighting regime dependence and modelling difficulty under temporal variability
	2025










5. Conclusions and Future Directions: Toward Robust, Physics-Consistent AI for Atmospheric Composition and Emission Sources


This review synthesized recent AI developments for atmospheric pollution through an explicitly process-anchored lens: pollutant concentrations as emergent outcomes of emissions, transport/mixing, chemistry, and removal, with mobile and point sources treated as dynamic source terms rather than static boundary inputs. By separating receptor-side concentration forecasting from source-term inference, we clarified which claims can be supported by predictive models trained on monitoring data and which require inverse-problem structure, physically meaningful priors, and uncertainty-aware coupling to atmospheric models. This framing is aligned with the AAS emphasis on mechanism and interpretability: AI is most scientifically valuable when it strengthens causal reasoning about atmospheric composition, not only when it improves scores.



Across applications, two messages recur. First, the architecture choice must follow data geometry (grids, sequences, networks). It should be justified in terms of the atmospheric dependencies the model is expected to represent (advection-like transport, persistence, regime shifts, extremes). Second, evaluation design is not a technical afterthought, but the backbone of credibility in nonstationary, spatiotemporally dependent systems; leakage-resistant evaluation, regime/episode-aware reporting, and bias diagnostics are essential for trustworthy inference and for operational relevance.



Future work should prioritize robust, physics-consistent hybrid workflows: (i) coupling learned components to dispersion/CTM frameworks for interpretable sensitivity and inversion, (ii) enforcing conservation- and structure-based constraints where feasible, (iii) quantifying uncertainty and calibration under distribution shift, and (iv) developing life-cycle monitoring for drift and sensor artefacts. With these practices, AI can move from “black-box prediction” to a reliable scientific instrument for atmospheric composition—supporting better emission characterization, more defensible forecasts, and clearer links between interventions and observed air-quality outcomes.
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Figure 1. Conceptual framework for AI-based atmospheric modelling (source: own preparation). 
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Figure 2. Failure-aware workflow for AI-based atmospheric modelling under nonstationary and spatiotemporally dependent conditions (source: own preparation). 
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Table 1. Representative AI applications for atmospheric pollution forecasting and spatiotemporal inference.
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	Application/Problem
	Model/Architecture
	Input Data and Preprocessing
	Evaluation Metrics
	Key Findings
	Year





	Emission inventory estimation/top-down correction for CTM applications [58]
	NN-CTM (neural-network surrogate of a comprehensive CTM) + gradient-based emission updating
	CTM simulations + surface monitoring constraints; surrogate training + iterative emission adjustment
	Surrogate similarity vs. CTM; concentration error reduction (MAE/RMSE as reported); emission increments
	Demonstrates that a NN surrogate can emulate CTM behaviour and support inventory updating that improves agreement with observations—directly relevant for building better emission inputs for atmospheric modelling
	2021



	City-scale PM2.5 prediction (scalable graph learning) [42]
	Adaptive scalable spatio-temporal graph convolutional network (ST-GCN)
	Station-network time series; graph construction; scaling/normalization
	RMSE/MAE/R2 (as reported)
	Captures space–time dependencies across monitoring networks and scales to larger city deployments, supporting operational forecasting
	2023



	City-level air-quality prediction (adaptive attention on graphs) [41]
	Spatiotemporal adaptive attention graph convolution network
	Multi-station time series; adaptive graph attention; standard preprocessing
	RMSE/MAE/R2 (as reported)
	Learns dynamic inter-station influence patterns, improving city-level predictions in heterogeneous monitoring networks
	2023



	Hybrid deep spatiotemporal forecasting [38]
	CNN–LSTM hybrid spatiotemporal model
	Historical pollutant time series + spatiotemporal features; scaling; train/val/test split
	RMSE/MAE/R2 (as reported)
	Illustrates a strong “classic” deep baseline for capturing nonlinear dynamics and space–time coupling in air-pollution forecasting
	2022



	Deterministic air-pollution forecast improvement (3-day) [30]
	ML post-processing/algorithm comparison for forecast correction
	Monitoring + meteorological predictors (and/or model outputs, per setup); standard preprocessing
	RMSE/MAE, bias/skill (as reported)
	Shows that ML correction layers can improve short-range deterministic forecasts and reduce systematic error
	2024



	Real-world AQ prediction + health risk assessment [29]
	Comprehensive ML evaluation suite (model benchmarking)
	Air-quality time series; model-specific preprocessing (as reported)
	Forecast errors (RMSE/MAE/R2) + task-specific metrics (as reported)
	Provides a structured benchmark illustrating how model choice impacts predictive skill under real-world conditions, useful as a reference baseline
	2025










 





Table 2. Mobile-source emission modelling with AI: virtual sensing, transient prediction and fleet-scale screening.
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	Application/Problem
	Model/Architecture
	Input Data and Preprocessing
	Evaluation Metrics
	Key Findings
	Year





	Virtual NOx sensing under real driving conditions (RDE) [62]
	Signal decomposition + sequence learning (e.g., SSA/ICEEMDAN + GRU) with regression (e.g., SVR)
	On-road time series (engine/aftertreatment/vehicle signals); denoising + decomposition; component selection; normalization
	RMSE, MAE, R2 (often segment-/route-wise)
	Enables high-frequency NOx estimation from operational signals, supporting time-resolved emission profiles for near-road air-quality and exposure applications
	2021



	Low-latency transient emission prediction for on-board monitoring [63]
	Temporal convolutional network (TCN; dilated causal conv + residual blocks)
	Driving-cycle sequences (e.g., WHTC/RDE segments); scaling; train/validation/test splits
	RMSE/MAE/R2; inference latency (where reported)
	Provides fast transient emission predictions suitable for real-time monitoring and generation of high-resolution emission time series
	2024



	Dynamic emission modelling from real-world vehicle activity data (CO2) [64]
	Supervised ML (e.g., gradient boosting or LSTM-based sequence models)
	PEMS + GPS/road context; kinematic features (speed/acceleration/grade), VSP; filtering; normalization
	RMSE/R2; bias across road types/driving regimes
	Derives driving-regime-dependent emission factors from real-world data, improving link-level inventories and supporting coupled air-quality–climate assessments
	2023–2024



	Fleet-scale detection of high-emission events (high-NOx/high emitters) [65]
	ML classification/early-warning (e.g., random forest or related ensembles)
	Remote OBD/telematics streams + operating context; feature engineering; imbalance handling
	Classification metrics (F1/AUROC), detection rate/false alarms
	Identifies high-emission episodes/vehicles at scale, enabling targeted mitigation and dynamic inventory corrections for urban modelling
	2023



	Non-exhaust PM source modelling under real-world driving (brake emissions) [66]
	Data-driven emission model (ML regression with context features)
	Driving kinematics + braking intensity/context + measured non-exhaust PM; preprocessing aligned to measurement protocol
	Prediction error vs. baseline; scenario sensitivity
	Quantifies non-exhaust PM contributions that can dominate urban particulate exposure in specific settings, improving source representation
	2022



	Emission regime discovery and state identification from high-frequency streams [67]
	Unsupervised clustering + regime statistics (e.g., k-means/state identification)
	Instantaneous emissions + driving/engine states; scaling; validity checks
	Cluster validity indices; regime-wise emission deltas
	Converts raw RDE/PEMS streams into interpretable operating regimes with distinct emission signatures, supporting regime-conditioned parameterizations
	2025
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