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Abstract

Atmospheric processes governing air pollution are inherently nonlinear, multi-scale, and
characterised by substantial uncertainties arising from emissions, meteorology, chemical
transformations, and sensor noise. This critical narrative review synthesises contemporary intelligent
modelling paradigms for atmospheric pollution analysis using satellite (Sentinel-5P TROPOMI,
Sentinel-3) and ground-based observations, identifying the operational role of each method family
and their integration in a unified hybrid architecture. Building on our SES-2025 review [1], we
synthesise individual method families into a modular five-layer pipeline. The framework delivers
physical consistency via Earth System Digital Twins, predictive power via neural and Extreme
Learning Machine surrogates, interpretability via symbolic regression, calibrated uncertainty via
Monte Carlo ensembles, and natural-language accessibility via grounded LLM interfaces. A
benchmarking strategy targeting Balkan-region NO: and PM:.s episodes is outlined. The novelty lies
in synthesising the complementary roles of these methods within an auditable modular architecture,
with explicit separation between quantitative modelling backends and LLM-based interaction layers.

1. Introduction

Atmospheric composition and pollution dynamics constitute one of the
most pressing environmental and public-health challenges of the Anthropocene.
Accurate, timely, and uncertainty-aware modeling is indispensable for air-quality
forecasting, source apportionment, population exposure assessment, health-impact
studies, and evidence-based policy design at urban, regional, and continental scales
[2, 3]. The Copernicus programme delivers petabyte-scale, heterogeneous,
multi-temporal datasets most notably from Sentinel-5 Precursor (TROPOMI) with
daily global observations of NO:, CO, SO., HCHO, tropospheric ozone, and
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aerosol optical depth (AOD); Sentinel-3 SLSTR for fire radiative power and smoke
plume tracking. Extracting physically consistent, actionable intelligence from these
streams demands methods that transcend traditional numerical weather prediction
or chemical transport models (CTMs) alone. Physics-based CTMSs remain essential
for process understanding and long-term projections, yet they are computationally
expensive and subject to structural uncertainties in emission inventories, boundary
conditions, and sub-grid parameterizations. Data-driven and intelligent methods
machine learning, deep learning, symbolic regression, uncertainty quantification,
and more recently foundation models and LLM interfaces offer complementary
strengths in speed, downscaling, pattern recognition, and accessibility.

2. Review Methodology

This work constitutes a critical narrative review and conceptual framework
paper. Literature was identified through searches of Scopus, Web of Science,
IEEE Xplore, ScienceDirect, and arXiv (2018-2026). Inclusion criteria:
peer-reviewed publications or accepted conference papers on method families in
atmospheric remote sensing or pollution modeling; preprints only for systems
accepted at major venues (ICCV, Nature) or with official institutional
documentation. Of approximately 85 sources reviewed, 30 are cited. Method
families were categorized thematically: physics-based backbones (ESDTs, CTMs,
system dynamics), ML surrogates (NN, ELM), uncertainty and explainability
(Monte Carlo, Bayesian networks, symbolic regression), foundation and
multimodal models, LLM/RAG interfaces, and complementary nonlinear methods
(phase-space reconstruction, Markov chains, fuzzy logic, reinforcement learning).

3. Identified Research Gaps

3.1. Absence of hybrid benchmarks. Existing EO benchmarks focus on
single tasks (segmentation, regression, change detection) and rarely combine
physics simulators, ML surrogates, policy scenarios, and human Al interaction
with explicit metrics for physical consistency, uncertainty coverage, and decision
quality. This is the primary structural gap the proposed framework and
benchmarking strategy (Section 12) address.

3.2. Physical consistency of foundation models. Most multimodal
pre-training objectives do not enforce conservation laws or atmospheric chemistry
constraints. Hybrid pipelines embedding symbolic constraints inside fine-tuning
loops constitute a promising remedy, prototyped in this framework using
Copernicus-FM and Aurora backbones [11, 16].

3.3. LLM-model integration gap. Grounded LLM interfaces (e.g., Observia Al)
are not yet coupled to validated atmospheric simulation backends in any peer-
reviewed operational deployment. The proposed Layer 5 architecture provides a
blueprint for this integration.
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3.4. Regional data sparsity. The Balkans and South-Eastern Europe are
under-represented in atmospheric Al benchmarks relative to Western European
urban corridors. The case studies proposed in Section 12 explicitly target this gap.

3.5. Uncertainty propagation across interfaces. End-to-end propagation of
uncertainty from satellite retrieval through CTM coupling to policy indicator is
rarely performed; each layer interface that does not propagate uncertainty produces
overconfident downstream outputs.

4. Atmospheric-Pollution-Specific Modeling Challenges

4.1. Satellite Column-to-Surface Conversion

TROPOMI delivers tropospheric vertical column densities (VCDs), not
surface concentrations. Conversion requires knowledge of the vertical profile
shape, which depends on planetary boundary layer height (PBLH), temperature
inversion strength, and chemical gradients. PBLH uncertainties from ERAS alone
contribute 15-30% relative error in surface NO: estimates over complex terrain.

4.2. Spatio-Temporal Mismatch

TROPOMI has a single daily overpass (~ 13:30 local solar time) with a
3.5 x 5.5 km? pixel at nadir. Ground stations report hourly data at point locations.
Simple co-location introduces representativeness errors of up to 40% for PM..s in
complex urban environments [28].

4.3. Emission Inventory Uncertainty

National emission inventories carry relative uncertainties of 20-50% for
road transport NOx and up to 100% for agricultural NHs. These propagate directly
into CTM forecasts and data-assimilation backgrounds.

5. Earth System Digital Twins and System Dynamics

5.1. Earth System Digital Twins (ESDTSs)

Earth System Digital Twins constitute dynamic, multi-scale virtual replicas
that fuse real-time Earth-observation streams, numerical simulation ensembles, and Al
surrogate models to enable "what-now", "what-next", and "what-if" analyses [2, 3]. In
the atmospheric domain they support high-resolution pollutant transport modeling,
urban air-quality digital twins, wildfire-smoke plume forecasting, and policy-scenario
comparison under varying emission trajectories and meteorological regimes [2].

5.2. System Dynamics

System-dynamics (SD) modeling formalizes delayed feedback loops,
nonlinear couplings, and policy levers that govern emission generation, atmospheric
dispersion, population exposure, health impacts, and mitigation effectiveness [4, 5, 29].
SD complements ESDTs by making the causal skeleton explicit and communicable to
non-technical stakeholders policy makers, local authorities, and the public. When
embedded inside an ESDT, SD supplies the structural backbone for transparent
"what-if" simulations.
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6. Machine Learning Surrogates: Neural Networks and Extreme
Learning Machines

6.1. Neural Networks and Physics-Informed Variants

Deep neural architectures excel at cloud classification, AOD retrieval,
pollutant-plume segmentation and tracking, chemical-transform emulation, and fast
surrogate modeling of expensive CTM components [10, 11]. Convolutional
networks extract spatial features from multispectral imagery; recurrent and
transformer models capture temporal dynamics; graph neural networks handle
pollutant transport on irregular grids. Physics-informed neural networks (PINNS)
embed governing equations (continuity of mass, advection-diffusion) as soft
constraints in the loss function, improving generalization under distribution shift
relative to unconstrained architectures.

6.2. Extreme Learning Machines (ELMs)

Extreme Learning Machines [23] employ random hidden-layer projections
with analytically solved output weights, offering training speeds two to three orders
of magnitude faster than gradient-based deep networks while retaining competitive
accuracy on streaming time-series, anomaly-detection, and now casting tasks.
Online ELM variants support incremental learning as new observations arrive,
directly addressing temporal distribution shift in operational monitoring.

7. Uncertainty Quantification and Equation Discovery

7.1. Monte Carlo Methods

Monte Carlo (MC) methods remain the reference technique for propagating
uncertainties from emission inventories, meteorological fields, model-parameter
ensembles, sensor noise, and structural model error into probabilistic risk metrics
and forecast envelopes [6, 7]. In the hybrid context, MC is applied both to
ESDT cores and to Al surrogate outputs, delivering calibrated confidence intervals
indispensable for risk-sensitive decisions. Surrogate-based UQ methods
(polynomial chaos expansion, Gaussian process emulation) can reduce the required
model evaluations by one to two orders of magnitude relative to naive MC while
preserving coverage properties.

7.2. Genetic Programming and Symbolic Regression

Genetic programming and symbolic regression extract compact,
human-readable mathematical expressions directly from data, optionally
embedding physical priors, conservation constraints, or known chemical reaction
pathways [8, 9]. These techniques are valuable for reduced-order modeling of
atmospheric processes, discovery of governing equations for sub-grid phenomena,
and generation of interpretable relationships that complement black-box neural
predictions. Recent benchmarks demonstrate that SR can recover known
atmospheric scaling relations (e.g., simplified NOx—O:s titration relationships) with
relative errors below 5% from synthetic data generated by full CTM runs [9].
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8. Foundation Models for Earth Observation and Atmospheric
Applications

The period 2024-2026 witnessed rapid growth in foundation-model
research tailored to Earth observation [14, 17, 18, 21]. TerraMind [15] is a large-
scale generative multimodal model designed for Earth observation, accepted at
ICCV 2025, supporting any-modality generation and retrieval across optical, SAR, and
auxiliary streams. Copernicus-FM [16] is a unified foundation model trained on the
Copernicus data ecosystem for cross-mission, cross-sensor generalization. Aurora
[11, 30] is an Earth-system foundation model pre-trained on more than one million
hours of geophysical reanalysis data, achieving competitive skill in medium-range
weather forecasting at a fraction of operational NWP inference cost. SkySense++ [19]
delivers strong performance on scene classification and change detection. Panopticon
[20] demonstrates zero-shot generalization across heterogeneous EO sensors.

9. Grounded LLM Interfaces: Case Study on Copernicus Observia Al

Large language models must not be treated as atmospheric models. Their
scientific role in the proposed framework is precisely delimited: retrieval,
orchestration, explanation, and human—model interaction. Quantitative prediction
must remain grounded in observations, CTMs, ESDTSs, validated ML surrogates, or
statistically calibrated models.

9.1. Copernicus Observia Al: Documented Current Functionality

In June 2025, the European Environment Agency (EEA) launched the beta
version of Copernicus Observia Al ("Ask Copernicus™) [12, 13], a conversational
assistant for finding, understanding, and using Copernicus products. Based on
official documentation, the system implements a retrieval-augmented generation
(RAG) pipeline on local EEA servers, with a vector database over CLMS and CAMS
documentation and source-grounded responses; on-premise execution is stated as a
GDPR/EUDPR design goal [13]. Independent peer-reviewed evaluation of its
atmospheric-domain accuracy or TROPOMI-specific coverage is not yet available.

9.2 Proposed Integration in the Hybrid Workflow

Table 1 distinguishes documented current functionality from proposed future
integration targets. In the hybrid pipeline (Section 11), Observia Al would function
in two complementary roles: (a) front-end conversational interface translating user
intent into pipeline actions (data retrieval, scenario launch, report generation)
consistent with the documented beta capability; and (b) automated retrieval agent
supplying fresh Copernicus scenes, metadata, or model diagnostics to upstream
layers on demand requiring future API or agentic integration not yet available.
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Table 1. Copernicus Observia Al — documented current capability vs. proposed hybrid
pipeline integration

Current Observia (beta)

Capability [12, 13] Proposed hybrid pipeline extension
Copernicus data Yes — documented Automated scene staging into Layer 1
discovery
Product explanation / Yes — documented Model-aware metadata validation pre-
QA guidance ingest
Natural-language Yes — documented Trigger structured data pulls into
archive query Layer 1
Scenario simulation No direct evidence Via ESDT/CTM backend (Layer 2);

requires future API
Monte Carlo UQ No direct evidence Via Layer 4; results surfaced through
Layer 5
Policy impact No direct evidence Via coupled exposure health module;
assessment requires validation

Automated provenance Partial — draft summaries Full pipeline provenance;
reports documented uncertainty-qualified indicators

Sources: [12] EEA announcement; [13] Ask Copernicus beta documentation. "No direct
evidence" denotes a proposed future integration target, not an existing feature.

9.3. LLM/RAG Risk Register

Table 5 provides the full risk register. Key risks specific to the LLM/RAG
layer include: (a) hallucination of atmospheric quantities LLMs can confidently
generate incorrect numerical values without flagging uncertainty; (b) stale grounding
if the vector database is not updated, the system may cite superseded TROPOMI
algorithm versions or outdated CAMS forecasts; (c) prompt-injection vulnerability in
agentic deployment; (d) attribution laundering users may trust LLM-synthesized text
as the primary source rather than the underlying Copernicus datasets.

10. Complementary Nonlinear and Probabilistic Methods

10.1. Phase-Space Reconstruction and Nonlinear Dynamics

Takens' embedding theorem [24] guarantees that a scalar time series can be
used to reconstruct the geometry of the underlying attractor via delay embedding,
provided sufficient embedding dimension and lag [25]. These invariants serve as
physically meaningful features for downstream neural and ELM predictors in Layer 3.

10.2. Bayesian Networks

Dynamic Bayesian Networks provide principled probabilistic graphical
models for multi-sensor data fusion and sequential belief updating as new satellite
overpasses or ground measurements arrive. They represent dependencies among
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emissions, meteorology, satellite observations, and ground measurements while
naturally propagating uncertainties. Strengths: explicit uncertainty representation;
principled fusion of heterogeneous sources.

10.3. Markov Chains and Hidden Markov Models

Markov chains and HMMs capture regime transitions (clean <> moderately
polluted < smog episode) driven by synoptic meteorology, emission changes, or
seasonal cycles. They supply compact state representations that improve sample
efficiency for reinforcement learning agents and furnish stochastic scenario
generators inside MC ensembles.

10.4. Fuzzy Logic Systems

Fuzzy logic systems provide a mathematically rigorous framework for
handling inherent vagueness in air-quality index definitions, expert rules for
episode classification, and multi-criteria decision support when combining health-
protection and economic objectives.

10.5. Reinforcement Learning

RL agents can learn adaptive strategies for intelligent satellite tasking
during detected pollution events, real-time control of urban traffic management, or
active learning to identify the most informative Copernicus scenes for uncertainty
reduction.

Table 2. Role of complementary nonlinear and probabilistic methods in the hybrid pipeline

Method Atmospheric role Strength Limitation Pllzsgpe
Phase-space / Attractor geometry;  Nonlinear Requires long Layers 1, 3
CCM causal inference causality; no low-noise series

distributional

assumptions
Bayesian Multi-sensor fusion;  Principled Structure Layer 4
Networks UQ propagation uncertainty; learning NP-hard

heterogeneous

fusion
Markov Chains/  Regime transitions; Interpretable; Markov Layers 4, 5
HMMs scenario generation low cost assumption may

fail
Fuzzy Logic AQI; episode Handles Manual rules; Layer 5
classification linguistic limited

vagueness scalability
Reinforcement Adaptive satellite Learns optimal ~ Sample- Layer 5
Learning tasking; control strategy inefficient;

reward design
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11. Proposed Integrated Hybrid Workflow

The five-layer hybrid pipeline for atmospheric pollution analysis (Fig. 1) is
designed to be modular, auditable, and extensible. Each layer has defined inputs,
outputs, and validation requirements. No single component is irreplaceable; the
architecture supports incremental implementation starting from any subset of layers.

Table 3. Hybrid pipeline layer specifications

Layer

1. Data
Integration

2. ESDT + SD
Core

3. Neural /
ELM
Emulation

4. Symbolic +
UQ Layer

5.LLM
Orchestration
+ Analytics

Inputs

TROPOMI
VCDs; ERAS;
EEA stations;
AERONET; GIS
layers

Layer 1 output;
boundary
conditions;
emission
inventories

Layers 1-2
outputs; real-time
Sensor streams

Layers 2-3
outputs;
observational
data

All upstream
outputs; user
queries

Outputs

Harmonized
feature space;
uncertainty
metadata; QA
flags

Physically
consistent
pollutant fields;
scenario
trajectories

Surrogate
predictions;
anomaly scores;
real-time alerts

Interpretable
equations; MC
ensembles;
calibrated
uncertainty
intervals

Cited natural-
language answers;
provenance-
tracked reports;
pipeline triggers

Key method(s)

Spatio-
temporal
alignment; QA
filtering; gap
detection

CTM / ESDT;
SD feedback
models

PINN; ELM;
foundation
model fine-
tuning

Symbolic
regression;
Monte Carlo;
Bayesian
networks

Copernicus
Observia Al
(beta); RAG;
LLM
orchestrator

Validation
metric

Data
completeness (%);
temporal
coverage; QA
pass rate

RMSE vs. station
holdout; mass-
balance check

MAE; RMSE;
CRPS; 90%
interval coverage

Symbolic
compactness;
calibration curves;
CRPS

Grounding
accuracy;
hallucination rate
(requires
independent
evaluation)

CRPS: Continuous Ranked Probability Score. Validation metrics for Layer 5 cannot yet be
computed for Observia Al in the absence of independent benchmark datasets.
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1. Data Integration Layer

EO (Sentinel-5P/3/2. MODIS), in-situ (AERONET, EEA), reanalysis (ERAS, CAMS)

2. Earth System Digital Twin + SD Core

Physics-based dynamics, causal feedback loops, policy scenario engines

3. Neural / ELM Emulation Layer

CNNALSTM/Transformer for plume detection: ELM for real-time nowcasting

4. Symbolic + UQ Layer

Genetic Programming for equation discovery; Monte Carfo for robust risk envelopes

5. Interactive Analytics & Decision Layer

Copernicus Observia Al
LLM orchestration + Copernicus Observia Al for queryable, explainabie output RAG-grounded chatbot for
Copemicus data & renoet

and back-end (sutomated data recrieval 1o ML/Twin [ayers), enabiing Seamiess human-Al COBDOrMION in SIMOSPNENc POILION STudies

Fig. 1. Hybrid atmospheric modeling workflow integrating Sentinel-5P TROPOMI,
Sentinel-3, ERA5, and EEA ground data into five layers: data integration, ESDT/CTM
physics core, neural/ELM emulation, symbolic/UQ analysis, and LLM orchestration.
Copernicus Observia Al supports user interaction and automated data retrieval.

12. Benchmarking and Validation Strategy

A validated hybrid pipeline requires a structured benchmarking approach
that evaluates each layer independently and the integrated system end-to-end. The
following strategy targets Balkan-region atmospheric pollution episodes, selected
for their relevance to the identified regional data sparsity gap (Section 3) and for
the availability of co-located TROPOMI and EEA ground data.

12.1. Case Study Candidates

1. Winter NO: inversion episodes, Sofia  agglomeration
(November—February). Rationale: strong PBLH suppression, topographic trapping,
high satellite-to-surface discrepancy. Data: TROPOMI L2 NO: (QA > 0.75);
AQMD and EEA surface NO: (hourly); ERA5 PBLH and temperature profiles;
AERONET Sofia.

2. Summer ozone episodes, Balkan urban corridor (June—August).
Rationale: high photochemical activity; cross-border transport; health relevance.
Data: TROPOMI tropospheric ozone and HCHO; EEA Os surface (hourly); CAMS
regional ensemble forecasts.

3. Wildfire smoke transport, Balkan—Eastern  Mediterranean
(July—September). Rationale: extreme distribution shift; multi-sensor challenge.
Data: Sentinel-3 SLSTR fire radiative power; CAMS fire emissions;
AERONET AOD; EEA PM..s.

280



12.2. Performance Metrics

- RMSE, MAE, bias: standard point-prediction accuracy against held-out
EEA surface observations

- CRPS: probabilistic forecast quality for MC ensemble outputs

- 90% interval coverage: calibration of uncertainty estimates;

- Spatial generalization: leave-station-out cross-validation on withheld
EEA sites

- Symbolic compactness: number of terms in SR-extracted equations;
parsimony vs. accuracy trade-off

- Inference cost: wall-clock time per prediction per layer; relevant for
real-time deployment

- Physical consistency: mass-balance check; monotonicity of pollutant
concentration with emission rate in sensitivity experiments.

13. Interrelationships, Synergies, and Comparative Discussion

No single method family suffices across the full spectrum of atmospheric
remote-sensing tasks. Fig. 2 visualizes the hierarchical synergies that emerge when
the components are combined under a unified hybrid architecture.

Multimodal FMs

TerraMind, Copernicus-FM
Prithvi, Clay, Aurora

Physics & Digital Twins Vision-Language models Neural & ELM
ESDTs CNN/Transformer
System Dynamics Physics-informed NN

Causal inference Real-time ELM

Hybrid Atmospheric

Analysis Pipeline

+ Observia Al

Symbolic & XAl - - UQ & Monte Carlo

Genetic Programming Uncertainty prop.
Symbolic Regression Risk assessment

Interpretable equations LLM Interfaces Robust ranking

Copernicus Observia Al
RAG-grounded chatbats
Query-driven workflows

Arrows Indicate bidirectional information flow and mutual reinforcement fe.g., FMs provide features to NNs; Observia queries Twin outputs; Symbolic extracts from FM embeddings).
I 1

Fig. 2. Synergies among intelligent methods for atmospheric remote sensing. Foundation
models and grounded LLM interfaces provide the user-facing integration layer, while neural,
symbolic, Monte Carlo, and causal-validation components reinforce the hybrid workflow.
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Table 4. Comparative characteristics of primary method families for atmospheric pollution modeling

Method Predictive
Family accuracy
Digital High
Twins +
CT™M
NN /PINN  Very High
ELM High
Symbolic Medium
Regression
Multimodal = High
FMs
LLM N/A
Interfaces

Interpretability

High

Low—-Med.

Low

Very High

Low—Med.

High
(grounded)

Real-
time

Low—
Med.

Medium

Very
High
High

Medium

High

Physical
consistency

Very High

Med.—-High
(PINN)

Medium

High (w/
priors)

Emerging

Depends on
backend

Atm.
maturity

High

High

Med.—
High

Medium

Rapid
growth

Beta
2025

Key limitation

High compute
cost; emission
inventory
dependence

Data-hungry;
distribution
shift without
physical
constraints

Weaker spatial
representation
than deep nets

Instability on
noisy high-
dim. inputs

Physical
consistency
not
guaranteed;
high inference
cost

Not a
quantitative
model;
hallucination
risk without
grounding

Qualitative assessments based on reviewed literature 2018-2026. "Emerging" indicates
rapid development with limited long-term validation in atmospheric pollution applications.

The addition of grounded LLM interfaces lowers the activation energy for
domain experts, local authorities, and policy makers to exploit sophisticated
pipelines, while mandatory source citation and provenance tracking address the
black-box concern in regulated environmental decision contexts. LLM interfaces
must remain a communication and retrieval layer; they must not be treated as
substitutes for validated quantitative models. The framework enforces this through
the layer architecture in Table 3 and the risk register in Table 5.
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User Interface Query Processor & EEA GPT-LAB LLM

(Web Chat / API) * Intent Detection o (Orchestrator)
Natural Language Queries NER, Entity Linking On-premise inference
(e.g., "NO: trends over Sofia") to EO concepts Grounded generation
Retrieval Augmented Generation (RAG) Module Copérnicus Knowledge Base & Data Lake
= Vector search over Copernicus documentation & metadata CLMS (Land}: CORINE, Phenology, Imperviousness
+ Knowledge graph linking products, variables, regions CAMS (Atmasphere); NOs, PM, Os, AOD from Sentinel-5P
« Relevance ranking & context assembly CMEMS, C35, Sentinel Hub metadata & docs

Ground-truth: AERONET, EEA stations

I I

Compliance & Grounding Engine Response & Analytics Layer
« EU Al Act & GDPR compliance + Cited, explainable answers
* Source citation & pravenance tracking * Data download links & visualizations
+ Hallucination mitigation via grounding + Integration hooks to hybrid models
* Local/on-prem execution (no external cloud) * Atmospheric scenario summaries

Key Features for Atmospheric Research Support

+ Natural language access to multi-mission EO data
t olic: b

TROPOM| for pollution, Sentinel-3 SLSTR for fires)
th digital & M lo layers

Fig. 3. Current and proposed roles of grounded LLM interfaces in hybrid atmospheric-
pollution modeling: data discovery and product explanation vs. scenario launch, MC-UQ
queries, and provenance-tracked policy reports.

14. Limitations, Threats to Validity, and Future Research Directions

14.1. Scientific and Engineering Limitations

1. Cross-domain generalization: neural surrogates and foundation models
degrade under distribution shift from new sensors, extreme events, or
under-sampled regions. Physics-informed regularization, continual adaptation, and
meta-learning are active remedies.

2. Physical consistency of foundation models: most pre-training objectives
do not enforce conservation laws. Hybrid fine-tuning of Copernicus-FM and
Aurora with embedded symbolic constraints is a promising remedy.

3. Absence of hybrid benchmarks: community-standard benchmarks
combining EO streams, physics simulators, ML surrogates, and explicit
physical-consistency metrics are largely absent. The benchmarking strategy in
Section 12 addresses this gap for the Balkan domain.

4. LLM grounding and evaluation: independent evaluation of Observia Al's
atmospheric-domain hallucination rate and factual accuracy on TROPOMI-specific
gueries is a near-term research priority.
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Table 5. Threats to validity and proposed mitigations

Threat

Type

Publication bias toward successful  Literature

Al models

selection bias

Limited atmospheric-specific External validity

validation of EO foundati
models

on

Fast obsolescence of LLM tools Construct

(Observia beta may be
superseded)

Hallucinated metadata or

validity

Internal validity

unsupported causal claims from

LLMs

Regional data sparsity in
stations

Balkan External validity

Satellite—ground mismatch Measurement

confounds validation

SR instability on noisy in
yield spurious equations

validity

puts may Internal validity

14.3. Near-Term Research Directions

Priorities for 2026-2027: (a) benchmarked hybrid pipeline prototype for
Balkan NO. and PMa.s episodes; (b) physics-constrained pre-training experiments
using Copernicus-FM, TerraMind, and Aurora; (¢) independent evaluation of
Observia Al grounding accuracy for TROPOMI-specific queries.

Proposed mitigation

Explicit inclusion of failure-mode
analyses; preprint coverage

Restrict performance claims to
validated tasks; cite benchmark
datasets

Version-controlled integration;
modular LLM orchestration layer

Mandatory source citation; human-in-
the-loop for policy outputs

Leave-station-out CV; spatial
extrapolation uncertainty reporting

Explicit representativeness error
quantification in Layer 1

Physical prior constraints; cross-
validation against independent datasets

PhD Thesis Core

Hybrid Pipeline

Copernicu:

P s
+ Twins + NN/ELM + Symbalic + U Observia Al Integration

Data Sources
TROPOMI, Sentinel-3,
AERONET, EEA stations

Atmospheric Applications
Balkan/Sofia episodes,
Wildfire smoke, Inversions

Expected Outcomes.
Publications, Benchmarks,
Operational prototype

enabling data-driven discovery, phy:

The hybrid pipeline with Observia Al serves as the central integrative platform for the PhD research,
riven sics e

slation, interpretable madelling, and natural-language decision support

Fig. 4. Research and implementation roadmap for hybrid atmospheric-intelligence systems,
organized by pipeline layer and covering near-, mid-, and long-term milestones for
benchmarking, federated deployment, and LLM interface evaluation during 2025-2028.
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15. Conclusion

This review has synthesized the contemporary landscape of intelligent
atmospheric modeling into a modular five-layer hybrid framework integrating
Earth System Digital Twins, system dynamics, Monte Carlo uncertainty
quantification, neural and Extreme Learning Machine surrogates, symbolic
regression, multimodal foundation models, and grounded LLM interfaces. The
proposed architecture should be understood as a research agenda and integration
blueprint rather than a validated operational system. Key conclusions are: (a) each
method family occupies a specific, non-redundant role in the five-layer architecture
with defined inputs, outputs, and validation metrics; (b) LLM interfaces are a
communication and retrieval layer, not quantitative atmospheric models; (c)
Copernicus Observia Al represents a promising but beta-stage grounded data-
discovery interface whose atmospheric-domain performance requires independent
evaluation; and (d) the primary outstanding gap is not the availability of individual
method components but the absence of community-standard hybrid benchmarks
combining EO streams, physics simulators, ML surrogates, and explicit physical-
consistency and uncertainty-coverage metrics.
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XUBPUJIHO UHTEJUTEHTHO MOJIEJIMPAHE HA ATMOC®EPHO
3AMDBPCSIBAHE UPE3 IAHHU OT JUCTAHIIMOHHU HABJIIOJEHUS
HA 3EMSITA: KPUTUYEH NPETJIE] HA JUTUTAJTHUTE JIBOMHULIN,
HEBPOHHHU CYPOT'ATHHA MOJIEJIM X TOJIEMY E3UKOBU MOJEJN

/. Maxapues, I1. Tpenues

Pesrome

ATtMochepHOTO 3aMBpCsABaHE € HEIWHEEH, MHOromamradeH Iporiec,
MOBJIUSIH OT 3HAYMUTENHU HEOMPEIETICHOCTH, CBBP3aHH C €MHCHH, METEOPOJIOTHS,
XMMUYHU TpaHCPOpMalM¥ M OTpaHWYeHus] Ha ceHzopute. HacTtosmusar o030p
CHHTE3Mpa ChBPEMEHHH MHTEIUTCHTHH MOAXOAN 32 MOJIETIMPaHe Ha aTMOC(epHOTO
3aMBbpPCABAHC UPE3 JaHHU OT JUCTAHIIMOHHU U3CJICABAHUSA N HA3EMHU H36JIIO,I[6HI/I$1.
B3 ocHoBa Ha mpemxomnus o0030p or SES-2025 e mpemioxkeHa MomIysiHa
xuOpUIHA paMKa, WHTErpupama IUQpoBH ONW3HAIM Ha 3eMHAaTa CHCTEMa M
XUMHKO-TPaHCIIOPTHH MOJend, HeBpoHHH U Extreme Learning Machine
eMyJATOpH, CUMBONHA perpecus, Monre Kapno kBaHTHQUKanus Ha
Heomnpenenenocrra u grounded LLM wunTtepdeticn. CrnennanHo BHUMaHHE €
OT/ICJICHO Ha TMpeoOpa3yBaHETO Ha CATEIWTHH KOJIOHHH W3MEpPBaHUSA KbM
NPU3EMHU KOHIICHTPALUU, MPOCTPAHCTBCHO-BPEMEBOTO HECHOTBETICTBUE MEXKIY
CaTeJMTHU W HA3eMHH JaHHW, METEOPOJIOTUYHOTO BIUSHHE, HEONPEACICHOCTTA B
€MHCHOHHUTE WHBEHTApU M YCTOWYMBOCTTA HA MOJIEIUTE TIPH EKCTPEMHH SITU30I1
Ha 3ambpcsBaHe. Pasriemanu ca ChBpeMEHHHM (YHIAMEHTAJIHH MOJCIH 3a
HaOmo/enne Ha 3emsara, BrimrountenHo TerraMind, Copernicus-FM, Aurora,
SkySense++ u Panopticon. Copernicus Observia Al e ananu3upana kato HOB OeTa-
uHTepdeiic 3a mocten 10 gaHHM oT Copernicus, KaTro SICHO ce pasrpaHH4YaBaT
JOKYMCHTHUPAHUTE Bb3MOXKXHOCTHU OT MPCAJIOKCHUTE 6T))Z[CIHI/I HUHTCTpalu.
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