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1 INTRODUCTION

Urban air pollution affects 4.2 billion people globally, causing 7 million premature deaths
annually (WHO, 2023). The 2021 WHO Air Quality Guidelines substantially tightened
recommended limits (PM2s5: 5 pug/m?, PMio: 15 pg/m?, NO2: 10 pg/m?), reflecting evidence
that health impacts occur at concentrations previously considered safe. Urban pollution
complexity arises from diverse sources, transportation contributing 40-70% of NO-,
residential heating up to 50% of winter PM, and regional transport accounting for 30-60%
of PM_ s, interacting with urban morphology that creates microscale variations of 200-300%
within 50-100 meters. Central Eastern Europe faces particularly acute challenges stemming
from historical industrial legacy, rapid post-1990 economic transition, and geographical
factors. Despite representing 21% of EU population, CEE countries account for 67% of
PM; s-related premature deaths (EEA, 2023). The vehicle fleet averages 14 years old (versus
8.5 years EU-wide), with 40% meeting only Euro 3 standards or below. Additionally, 2.5-
3.5 million households still rely on solid fuel heating with emission factors 50-100 times
higher than gas boilers. These factors impose economic costs equivalent to 2.5-4.6% of
GDP annually through healthcare expenditures, lost productivity, and infrastructure
degradation.

Budapest exemplifies these challenges with its 1.7 million inhabitants experiencing PMio
exceedances on 25-40 days annually at traffic stations. The city's topography, bisected by
the Danube with elevation differences of 200-500 meters, creates temperature inversions
120-150 days annually, trapping pollutants below 200-300 meters. Winter PMio levels
exceed summer by 50-80% due to residential heating (80,000-100,000 households using
solid fuels), reduced mixing heights (100-200m), and lower wind speeds (2-3 m/s). The 12-
station monitoring network reveals persistent heterogeneity: traffic stations record PM o of
35-42 pg/m? versus 20-25 pg/m? at suburban sites.

Current air quality forecasting approaches face fundamental limitations inadequately
addressed for CEE contexts. Chemical Transport Models require computational resources
limiting resolution to kilometres when street-level predictions are needed, while demanding
detailed emissions inventories often unavailable in rapidly changing urban areas. Machine
learning methods show degraded performance outside training domains and require
extensive data unavailable in sparse monitoring networks. Critically, a persistent gap exists
between model accuracy and interpretability, deep learning achieves superior performance
but operates as black boxes, while interpretable methods fail to capture atmospheric non-
linearities.

The literature reveals significant geographical bias, with comprehensive CEE studies
remaining sparse despite the region's unique challenges: legacy infrastructure, diverse
emissions including biomass burning, and complex topography. Existing studies focus on
short-term campaigns rather than operational systems adapted to local conditions.
Furthermore, operational deployment faces challenges rarely addressed in academic
literature: real-time data quality control, computational constraints for timely delivery, and
integration with urban decision-making infrastructure.
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Research Aims and Objectives

1. Primary Aim

To develop accurate and interpretable air quality forecasting methods for urban
environments that bridge the gap between predictive performance and operational utility,
with specific application to Central and Eastern European cities facing unique atmospheric
and infrastructural challenges.

2. Specific Objectives
Objective 1: Establish Baseline Forecasting Using ARIMA Modelling

To develop and validate autoregressive integrated moving average (ARIMA) models for
short-term air quality prediction across multiple temporal granularities (1-hour, 3-hour, 12-
hour), establishing performance baselines and identifying temporal patterns in urban
pollution dynamics. This objective addresses the need for computationally efficient
statistical methods that can operate with limited computational resources while providing
interpretable parameters that reveal underlying temporal structures.

Objective 2: Enhance Deterministic Models Through Neural Network Hybridization

To investigate the integration of chemical transport model outputs with artificial neural
networks, developing hybrid architectures that maintain physical consistency while learning
systematic bias corrections. This objective explores the potential for combining the
interpretability and physical grounding of deterministic models with the flexibility and
pattern recognition capabilities of machine learning, addressing limitations identified in
purely deterministic or purely statistical approaches.

Objective 3: Assess Spatial Resolution Effects Across the Modelling Chain

To investigate how horizontal mesh grid resolution influences the entire air quality
modelling pipeline, from meteorological inputs through emission processing to final
concentration predictions. This objective examines whether higher spatial resolution
uniformly improves model performance or whether optimal resolution varies with
atmospheric conditions, pollutant species, and urban characteristics.

Objective 4: Quantify Feature Engineering Impact on Machine Learning Models

To systematically evaluate the contribution of domain-informed feature engineering versus
algorithmic complexity in air quality prediction, developing specialized feature sets that
capture distinct atmospheric processes including short-term dynamics, long-term patterns,
meteorological drivers, and anomaly detection. This objective test the hypothesis that
appropriate feature engineering can overcome algorithmic limitations more effectively than
architectural sophistication.

Objective 5: Develop Interpretable Ensemble Fusion Framework

To implement and evaluate fuzzy aggregation operators, specifically the Choquet integral,
for combining multiple model predictions while maintaining mathematical interpretability
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of the fusion process. This objective addresses the critical gap between black-box ensemble
methods that achieve high accuracy and simple averaging that maintains transparency but
ignores model interactions. The framework must explicitly model synergies and
redundancies between ensemble members while providing interpretable parameters through
Shapley values and interaction indices.
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2 LITERATURE REVIEW

2.1.  Historical evolution of Air Quality forecasting Methods

Air quality forecasting has undergone a remarkable transformation over the past five decades,
evolving from rudimentary empirical relationships to sophisticated computational systems.
This evolution has been driven by the growing complexity of urban air pollution challenges,
advances in computational technology, expanding monitoring networks, and increasingly
stringent regulatory requirements for accurate and timely air quality predictions, as illustrated
in Figure 1.

2.1.1. Deterministic Modelling Approaches

The foundation of modern air quality forecasting was established during the environmental
awakening of the 1970s, catalysed by landmark legislation such as the Clean Air Act in the
United States and similar regulatory frameworks across Europe. Early efforts relied primarily
on simple Gaussian plume models and box models that treated urban areas as well-mixed
volumes with pollutant concentrations determined by basic emission-meteorology
relationships.

A crucial advancement came with the development of Chemical Transport Models (CTMs),
which simulate the complex physical and chemical processes governing pollutant transport,
dispersion, and transformation in the atmosphere (Johnson, 2022). Models such as the Urban
Airshed Model and the Regional Acid Deposition Model established the framework for process-
based atmospheric modelling, incorporating detailed photochemical mechanisms and multiple
emission source categories (Scheffe & Morris, 1993). Contemporary Eulerian CTMs, including
CHIMERE employed in this thesis, solve the continuity equation on fixed three-dimensional
grids, enabling simulation of advection, diffusion, chemical transformation, emissions, and
deposition processes across regional and urban scales.

Despite continuous improvements, deterministic models face inherent limitations: sensitivity to
input data quality (emissions inventories, meteorological fields), simplified parameterizations
of sub-grid processes, and computational demands that constrain operational deployment at
high spatial resolutions (Karamchandani et al., 2011). However, improvements of these models
are still ongoing.

2.1.2. Data-Driven and Hybrid Approaches

The limitations of purely deterministic approaches motivated the development of data-driven
methods capable of learning complex non-linear relationships directly from observational data.
Early applications of artificial neural networks demonstrated superior capability in capturing
relationships between meteorological variables and pollutant concentrations, particularly in
urban environments with complex emission patterns (Gardner & Dorling, 1998).

Subsequent developments introduced ensemble methods, Random Forest and Gradient
Boosting, which improved prediction accuracy by combining multiple weak learners while
providing insights into feature importance(Breiman, 2001a; Friedman, 2001). Support vector
machines gained popularity for handling high-dimensional data with good generalization
performance (W. Z. Lu & Wang, 2005; Osowski & Garanty, 2007).
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For temporal modelling, Long Short-Term Memory (LSTM) networks proved effective for
capturing long-term dependencies in air quality time series (Biancofiore et al., 2017; Hochreiter
& Schmidhuber, 1997).

However, increased model complexity introduced interpretability challenges that hindered
regulatory acceptance. This motivated the development of hybrid approaches combining
deterministic models with data-driven bias correction, as well as interpretable ensemble
techniques. Advanced fusion methods have moved beyond simple averaging to include
Bayesian model averaging and sophisticated aggregation operators (S. Li & Xing, 2025; J. Liu
& Xing, 2023). The Choquet integral with fuzzy measures represents a particularly promising
approach, providing a mathematically rigorous framework for non-linear ensemble fusion while
maintaining complete interpretability through interaction coefficients and Shapley values (de
Oliveira et al., 2022).

This thesis focuses on developing methods that balance high performance with operational
requirements for transparency, reliability, and computational efficiency. This includes
exploration of advanced aggregation techniques such as Choquet integrals with fuzzy measures,
which provide mathematically rigorous frameworks for ensemble fusion while maintaining
complete interpretability through interaction coefficients.

2.1.3. Contemporary challenges and research directions

This historical progression has led to several persistent challenges that define current research
priorities. The fundamental tension between model complexity and interpretability remains
central to the field, as regulatory frameworks increasingly demand explainable predictions for
public health decision-making (Doshi-Velez & Kim, 2017). Real-time operational deployment
requires addressing computational efficiency, system reliability, and model maintenance
considerations that often conflict with research-oriented performance optimization (Campbell
et al., 2022a).

Climate change introduces additional complexity, as models must remain accurate under
evolving baseline conditions and increasing frequency of extreme weather events(Fiore et al.,
2015). The integration of multi-scale information from global climate models to local-scale
urban processes presents ongoing technical challenges, while data quality issues including
sensor drift, missing observations, and representation bias continue to limit model effectiveness
(Sokhi et al., 2022).

This evolution from simple empirical relationships to sophisticated Al systems reflects the
field's maturation and growing recognition of air quality forecasting as a critical component of
urban environmental management (Leo Hohenberger et al., 2022). Current research directions
emphasize developing operational systems that maintain both high accuracy and
interpretability, addressing the practical requirements of real-world air quality management
while advancing scientific understanding of atmospheric processes (Baklanov & Zhang, 2020).
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Figure 1. Timeline of Air Quality Forecasting Method Evolution

2.2.  Deterministic Approaches

Deterministic air quality forecasting models encompass a spectrum of approaches ranging from

simple analytical solutions to comprehensive numerical frameworks, as illustrated in figure 2.
At the foundational level, Gaussian plume models provide analytical solutions for pollutant
dispersion from point sources, box models treat urban areas as well-mixed volumes for policy
assessment, and Lagrangian models track individual air parcels along trajectories for long-range
transport analysis. In contrast, Eulerian models employ a fixed grid framework where the
atmosphere is divided into three-dimensional cells, and pollutant concentrations are computed
at each grid point by solving the continuity equation that accounts for advection, diffusion,
chemical transformation, and source/sink terms.

Chemical Transport Models (CTMs) represent the most physically comprehensive evolution of
these deterministic approaches, integrating elements from all foundational model types,
particularly adopting the Eulerian grid-based framework, to provide sophisticated solutions to
atmospheric transport and transformation processes. Unlike the simplified assumptions inherent
in Gaussian, box, or basic Lagrangian models, CTMs solve the fundamental atmospheric
diffusion equation through detailed three-dimensional Eulerian numerical schemes that
incorporate comprehensive representations of emission sources, meteorological processes,
chemical reactions, and removal mechanisms. The Eulerian approach is particularly
advantageous for urban and regional air quality applications because it naturally handles
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multiple interacting sources, complex chemical transformations, and spatially varying
meteorological conditions within a consistent computational framework.

The deterministic nature of CTMs stems from their rigorous basis in physical and chemical
laws, building upon the theoretical foundations established by simpler models while addressing
their limitations through enhanced spatial resolution, detailed chemistry schemes, and
comprehensive process representation. This progression from simple analytical models to
complex Eulerian CTMs reflects the evolution of computational capabilities and scientific
understanding, making modern CTMs particularly valuable for scenario analysis, policy
evaluation, and mechanistic understanding of the underlying processes governing air quality at
urban to regional scales.

Deterministic Air Quality Forecasting Models

1 — ] w ] — 1

Gaussian Plume Models Box Models Lagrangian Models Eulerian Models

Simple dispersion models assuming
pollutants spread in o Gaussian distribution
downwind from point sources,

Fixed 3D grid solving the continuity
equation for advection, diffusion,
and chemical transformations.

Uirhan areas treated as well-mixed volumes Track individual afr parcels and thefr
with uniform poliutant concentrations. chemical evolution along trajectories.

Clx,yz) = (Q/2mayaz) x expl(- _ . dxi/dt = ui + u'i aC/at + T-(uC) = V-(KTC)
W20y % expi-{z-H}202) J L= B0 LB > @I ‘ dC/dt = I+ RC)- D R+i-D
applications: Applications: applications: Applications:
Industrial point sources, simple Urban air quality, policy Long-range transport, episodic Regionaljurban CTMs
terrain assossmant events (CHIMERE, GMAQ, WRF-Cher)
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Figure 2. Deterministic Air Quality Forecasting Models: Structure and Components.

2.2.1. Theoretical foundation of Chemical Transport Models

Chemical Transport Models are built upon the fundamental mass conservation equation, which
describes the temporal and spatial evolution of pollutant concentrations in the atmosphere. The
general form of this equation for a chemical species i can be expressed as:

ac;
a_tl + V. (uC) = V.(KVC) + R; + E; — D; (1)
Where:

C; represents the concentration of species i (ug.m™)

t is time (s)

u is the three-dimensional wind velocity vector (m.s™)

K is the turbulent diffusion tensor (m?.s™)

R; represents chemical production and loss rates (pg.m. s’)
E; denotes emission sources (pg.m>. s™!)

D; represents deposition processes (pg.m>. s!)
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This equation captures the four fundamental processes affecting atmospheric pollutant
concentrations: advection (transport by mean wind), diffusion (turbulent mixing), chemical
transformation, and source-sink terms including emissions and deposition.

The advection term V. (uC;) describes the transport of pollutants by the mean atmospheric flow.
In the Eulerian framework commonly used by CTMs, this term is discretised using various
numerical schemes such as the Bott advection scheme or the piecewise parabolic method, each
with different properties regarding numerical diffusion and computational efficiency.

The diffusion term V. (KVC;) represents turbulent mixing processes that occur on scales smaller
than the model grid resolution. The turbulent diffusion coefficient K is typically parameterized
based on atmospheric stability and boundary layer characteristics, often using K-theory
approaches or more sophisticated turbulence closure schemes.

2.2.2. CHIMERE: A comprehensive Eulerian Model

CHIMERE is a multi-scale Eulerian chemistry-transport model developed by the French
National Scientific Research Centre (CNRS) and the French National Institute for Industrial
Environment and Risks (INERIS) (Menut et al., 2013). As illustrated in figure 3, the model
operates through a sophisticated multi-stage workflow that exemplifies the complexity of
modern deterministic air quality forecasting systems. The model has been extensively applied
for air quality forecasting and policy assessment across various spatial scales, from urban to
continental domains.

The CHIMERE modelling framework requires comprehensive mandatory input data including
boundary and initial conditions derived from global models or measurements, detailed
specification of the area-limited simulation domain encompassing mesh configuration and
topographic properties, and extensive anthropogenic emission inventories. The model's pre-
processing stage integrates three-dimensional meteorological fields (pressure, humidity, wind,
temperature) with two-dimensional surface parameters (friction velocity, sensible heat flux, and
boundary layer height) to establish the physical foundation for atmospheric transport
calculations.

Chemical transport models can be coupled with numerical weather prediction (NWP) models
through two distinct approaches: offline and online coupling (Kukkonen et al., 2012). In offline
coupling, the meteorological model runs independently, generating three-dimensional fields
that are subsequently read by the CTM at specified intervals. This approach, employed in the
present study with WRF providing meteorological inputs to CHIMERE, offers computational
efficiency and flexibility, as both models can be developed and optimised independently. In
contrast, online coupling integrates the CTM directly into the NWP model, allowing two-way
feedback, where aerosols and trace gases can influence radiative transfer and cloud
microphysics. While online coupling better represents aerosol-radiation and aerosol—cloud
interactions, it requires substantially greater computational resources (Baklanov et al., 2014).
For regional air quality forecasting applications, offline coupling remains the predominant
operational choice across European forecasting systems.
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Central to the CHIMERE architecture is the chemistry-transport integration module, which
simultaneously solves equations for atmospheric transport, turbulent mixing, emission
injection, chemical transformation, and deposition processes while incorporating emission
fluxes from multiple sources including anthropogenic, biogenic, mineral dust, forest fires, and
volcanic emissions. The model's deterministic output ([c]mod) is typically evaluated by
operating institutions or project teams through comparison with observational data ([c]obs)
from surface monitoring stations, airborne platforms, and satellite measurements, ensuring
model performance meets operational forecasting requirements. This comprehensive workflow
demonstrates the data-intensive nature and computational complexity that characterize state-of-
the-art chemistry-transport models in operational air quality forecasting applications.

Mandatory input data

Boundary conditions Area limited Anthropogenic
Initial conditions simulation domain Emissions
Global model / measurements: Mesh, topography, .
; : AL g g 7 . (masses/surface)
chemical concentrations soil and landuse properties ‘
. { D
Pre—processing / “—~a Emissions fluxes g
’ :
) — anthropogenic
Meteorology ‘) POg

| 4 - biogenic
' — mineral dust
— forest fires

3D: Pressure, humidity, wind, temperature
2D: v*, Q , L, fluxes, BLH

- volcanos
Chemistry—transport integration
- N -
CHIMERE
Transport, turbulent mixing e
Emissions, chemistry, deposition . Measurements:
— surface stations
= Ay — airborne
(e i > [e] Y\ -—— —satellites
N mod i/ \

obs

/

Figure 3. General principle of a chemistry-transport model such as CHIMERE. In the
box "Meteorology”, u * stands for the friction velocity, Q o the surface sensible heat flux, L the Monin-
Obukhov length and BLH the boundary layer height. ¢ moa and ¢ ops are the modelled and the observed

chemical concentrations fields, respectively.

2.2.3. Model Architecture and formulation
CHIMERE employs a terrain-following coordinate system in the vertical dimension, with the
vertical coordinate ¢ defined as:

p—p
o= = @)

Psurface — Ptop

where p is pressure, p;,, 1s the pressure at the model top, and pgyrr4ce 1S surface pressure. This
coordinate system allows for better representation of pollutant transport in complex topography.
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The model integrates the mass conservation equation using an operator splitting approach,
sequentially solving for different physical and chemical processes. The time integration
follows:

Cin+1 = Taav °© Tdiff ° Tehem © Temis © Tdep (Cln) (3)

where T represents the operators for advection, diffusion, chemistry, emissions, and deposition
processes, respectively, and the superscript n denotes the time step.

2.2.3.1. Chemical Mechanism

CHIMERE incorporates the MELCHIOR chemical mechanism (Menut et al., 2013), a reduced
representation of atmospheric chemistry optimized for computational efficiency while
maintaining chemical accuracy. The mechanism includes approximately 120 reactions
involving 44 chemical species, covering:

e Gas-phase chemistry: Including NOx-VOC photochemistry, ozone formation, and
hydroxyl radical chemistry

e Aerosol chemistry: Secondary organic aerosol formation, inorganic aerosol
thermodynamics

e Aqueous-phase chemistry: Cloud and fog water chemical processes

The photolysis rates are calculated using the TUV (Tropospheric Ultraviolet and Visible)
radiative transfer model, accounting for cloud cover, aerosol optical properties, and solar zenith
angle variations.

2.2.3.2. Boundary Layer Parametrization

CHIMERE employs sophisticated boundary layer parameterizations crucial for urban air
quality applications. The vertical diffusion coefficient is calculated using:

== = (4)
1+ T
For stable conditions, and:
PN
Kzzku*z(l—ﬁ) ©)

for unstable conditions, where k is the von Karmén constant (0.4), u=is the friction velocity,
z is height, L is the Monin-Obukhov length, and h is the boundary layer height.

2.2.4. Limitations and Challenges of Deterministic Approaches

Despite their physical foundation and comprehensive process representation, CTMs face
significant limitations that affect their accuracy and operational utility, particularly for urban
air quality forecasting applications.
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2.2.4.1. Computational Complexity and Resource Requirements

The computational demands of Chemical Transport Models represent a fundamental barrier
to their widespread operational deployment. Modern CTMs require substantial
computational resources to solve the coupled system of partial differential equations
governing atmospheric transport and chemistry (Campbell et al., 2022b; Menut et al., 2021).
A typical operational forecast for a regional domain at 3-5 km resolution requires 12-24
hours of computation on high-performance computing clusters with hundreds of processors.
This computational burden stems from the mathematical stiffness of atmospheric chemical
systems, where reaction timescales span from microseconds for radical chemistry to days
for stable compounds (Maison et al., 2022). The requirement to maintain numerical stability
while accurately representing these disparate timescales necessitates sophisticated
numerical solvers and small timesteps, typically 1-5 minutes for regional applications.
Furthermore, the computational cost scales non-linearly with resolution, as doubling the
horizontal resolution requires eight times more computational resources due to the need for
proportionally smaller timesteps to maintain Courant-Friedrichs-Lewy stability criteria.
Although recent operational CTMs have achieved kilometre-scale resolutions (2-3 km) in
several urban areas, computational constraints still impose practical trade-offs between
domain size, spatial resolution, and forecast lead time, which can limit the representation of
fine-scale urban processes and affect model utility for local air quality applications (Cheng
etal., 2021).

2.2.4.2. Meteorological Input Dependencies

Chemical Transport Models critically depend on meteorological input fields from numerical
weather prediction models, inheriting and often amplifying meteorological uncertainties
through non-linear chemical and physical processes (Rzeszutek et al., 2023). The boundary
layer height, perhaps the most critical meteorological parameter for air quality, exhibits
typical errors of £200-300 meters in NWP models, directly affecting vertical mixing and
surface pollutant concentrations (X. Chen et al., 2023; Hegarty et al., 2018; Lee et al., 2023).
During stable nocturnal conditions, boundary layer height errors can cause concentration
errors exceeding 100%, as pollutants become trapped in shallower-than-predicted layers.
Wind field uncertainties pose equally significant challenges, where small wind speed errors
of £1-2 m s™' can cause large advection errors, particularly for passive tracers and in
complex terrain where flow channelling and thermally driven circulations dominate. The
timing and intensity of precipitation events critically affect wet deposition processes, with
incorrect precipitation forecasts leading to either excessive removal of pollutants or
unrealistic accumulation during what should be washout events (Battaglia et al., 2022).
Temperature uncertainties propagate through multiple pathways, affecting chemical
reaction rates with typical Q10 temperature coefficients of 2-3, biogenic emission rates that
double for every 10°C increase, and gas-particle partitioning that shifts dramatically near
ambient temperatures. The cumulative effect of these meteorological uncertainties often
results in concentration errors exceeding 50% for individual pollution episodes, even when
the CTM's chemical and physical parameterizations are theoretically perfect (Mundim et
al., 2020).
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2.2.4.3. Emission Inventory Limitations

Emission inventories constitute the fundamental input data that quantify the release of
pollutants into the atmosphere from anthropogenic and natural sources within a modelling
domain. These comprehensive databases provide CTMs with essential information about
what pollutants enter the atmosphere, where they originate, when they are released, and in
what quantities. An emission inventory typically encompasses multiple pollutant species
including criteria pollutants (NOy, SOz, CO, PMio, PM2.5), volatile organic compounds
speciated into hundreds of individual compounds, greenhouse gases, and air toxics, with
each emission source characterized by its spatial location, temporal variation, stack
parameters for point sources, and chemical speciation profiles (SMOKE v4.9 Users
Manual, 2022).

The construction of emission inventories follows either bottom-up or top-down
methodologies, often combining both approaches to maximize accuracy and coverage as
illustrated in Figure 4. Bottom-up inventories aggregate emissions from individual sources
using activity data (fuel consumption, vehicle kilometres travelled, industrial production)
multiplied by emission factors derived from source testing or literature values (Y. Zhao et
al., 2011). This approach captures technological details and local variations but requires
extensive data collection and may miss unofficial or unregulated sources. Top-down
inventories start with national or regional totals derived from fuel sales, economic statistics,
or satellite observations, then spatially and temporally disaggregate these totals using proxy
variables. Hybrid approaches leverage the strengths of both methods, using bottom-up data
where available and top-down estimates to ensure completeness (Crippa et al., 2020; Zhu
et al., 2022).

For CTM applications, emission inventories must provide data at appropriate spatial and
temporal resolution. Spatial allocation transforms emission data from administrative units
or point source locations to model grid cells using Geographic Information Systems.
Temporal allocation converts annual emission totals to hourly values, applying diurnal
profiles for traffic emissions, seasonal variations for heating demands, and day-of-week
patterns. Chemical speciation splits total VOC and PM emissions into individual
compounds needed by chemical mechanisms (H. Simon et al., 2010). The quality of
emission data directly determines CTMs' ability to reproduce observed concentrations, with
studies demonstrating that emission uncertainties contribute 30-60% of total model
uncertainty for primary pollutants and 20-40% for secondary pollutants (Janssens-
Maenhout et al., 2019).
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Emission Inventory Construction Methodologies
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Figure 4. Emission inventory construction methodologies.

Despite their fundamental importance, emission inventories suffer from systematic
uncertainties that propagate through the CTM system:

Spatial allocation limitations: Population density proxies assume uniform per-capita
emissions despite income, lifestyle, and infrastructure variations creating order-of-
magnitude differences in emission rates. Road network proxies distribute traffic emissions
based on road classification without accounting for actual traffic volumes or fleet
composition. Land use proxies fail to capture heterogeneity within categories, where
industrial zones may contain facilities with vastly different emission characteristics
(Guevara et al., 2021).

Temporal disaggregation uncertainties: Standard temporal profiles derived from limited
measurements may not represent local activity patterns. Rush hour timing varies between
cities based on work culture and urban structure, yet inventories often apply uniform
profiles across entire countries. Seasonal patterns show strong regional variations, but
inventories frequently use simplified factors. Special events and weather-dependent
activities create episodic variations of 50-200% from average conditions that remain largely
uncaptured (Grigoratos & Martini, 2014).

Chemical speciation uncertainties: The distribution of total VOC emissions among
individual compounds relies on limited source testing that may not represent real-world
diversity. Speciation profiles derived from US or European measurements may poorly
represent sources in other regions using different technologies or fuels. Fuel composition
variations substantially alter VOC speciation but are rarely tracked. These uncertainties
critically affect ozone formation predictions, as different VOC species have reactivities
varying by factors of 100 (Amato et al., 2009).
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Missing source categories: Emission inventories systematically underestimate or omit
numerous significant sources. Cooking emissions contribute 10-20% of urban organic
aerosol but remain absent from most inventories (Authority, 2025; Coggon et al., 2024).
Construction activities generate substantial dust and equipment emissions but escape
traditional methods due to their temporary nature. Fugitive industrial emissions may equal
stack emissions but rely on uncertain estimation methods (Xie et al., 2020). Non-exhaust
traffic emissions (road dust, tire and brake wear) contribute 30-50% of traffic-related PM
but remain poorly quantified (Keawboonchu et al., 2023; H. Li et al., 2015).

Update frequency: Regulatory inventories typically lag reality by 2-4 years, missing recent
changes in vehicle fleets and control technologies. Rapid economic development or
regulatory implementation can change emissions by 20-50% over these timescales. The
COVID-19 pandemic illustrated this limitation starkly, as CTMs using pre-pandemic
inventories failed to predict air quality during lockdowns (Barré et al., 2021; Crippa et al.,
2019; Kong et al., 2023).

These fundamental limitations cascade through the CTM system, affecting primary
pollutant predictions, secondary formation, and chemical regimes. The accumulated
uncertainties from spatial misallocation, temporal disaggregation, chemical speciation, and
missing sources often exceed 100% for specific locations and times, explaining much of the
systematic bias observed in CTM predictions and motivating the development of inverse
modelling, data assimilation, and machine learning approaches to constrain emission
estimates using observational data.

2.3.  Statistical Methods in Air Quality Forecasting

2.3.1. Evolution and Rationale for statistical Approaches

Statistical methods for air quality forecasting emerged from the recognition that pollutant
concentrations exhibit strong temporal dependencies and recurring patterns that can be
exploited for prediction without explicit representation of physical and chemical processes
(Robeson & Steyn, 1990; Ryan, 2016). Unlike deterministic CTMs that attempt to simulate
the causal chain from emissions through transport and chemistry to concentrations,
statistical models identify and extrapolate patterns in historical observations, treating the
atmosphere as a black box whose input-output relationships can be characterized
empirically (Balashov et al., 2017). This fundamental difference in philosophy leads to
complementary strengths and weaknesses: statistical models excel at short-term forecasting
at specific locations where they are trained, capturing local effects that CTMs miss, while
lacking the process understanding necessary for scenario analysis or spatial extrapolation.

The application of statistical methods to air quality gained momentum in the 1970s and
1980s as monitoring networks generated sufficient historical data for model development.
Early applications focused on simple regression models relating pollutant concentrations to
meteorological variables, achieving moderate success for next-day forecasts. The
introduction of time series methods, particularly Box-Jenkins ARIMA models in the 1990s,
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marked a significant advance by explicitly accounting for temporal autocorrelation in
pollutant concentrations (Bai et al., 2018). These methods proved particularly effective for
operational forecasting where accuracy at monitoring locations outweighed the need for
spatial coverage or process understanding. The computational efficiency of statistical
models, requiring seconds rather than hours for predictions, made them attractive for real-
time applications and ensemble forecasting where multiple scenarios could be rapidly
evaluated (T. Liu et al., 2018).

2.3.2. ARIMA Methodology and Extensions

The Autoregressive Integrated Moving Average (ARIMA) framework, formalized by Box
and Jenkins in 1976, provides a systematic approach to modelling and forecasting time
series that has become fundamental to air quality prediction. The ARIMA (p, d, q) model
combines three components: autoregression of order p that relates current values to past
observations, differencing of order d to achieve stationarity, and moving average of order q
that incorporates past forecast errors. This structure captures both the persistence in
pollutant concentrations due to atmospheric residence times and the random variations from
unpredictable meteorological events or emission changes.

The mathematical formulation of ARIMA models elegantly captures temporal dependencies
through the backshift operator B, where the general ARIMA (p, d, q) model is expressed as
¢,(B)(1 — B)dy, = 6,(B)e;, with ¢,, and 8, representing polynomials of orders p and q
respectively, and & denoting white noise. The autoregressive component ¢,(B) =1 —
@B — @,B%*—.. — @, BP captures how current concentrations depend on recent history, with
coefficients typically declining with lag to reflect decreasing influence of older
observations. The differencing operator (1 — B)"d removes trends and achieves
stationarity, essential for parameter estimation and forecasting. The moving average
component 8,(B) =1+ 6,B + 6,B%+.. +9qu accounts for random shocks that affect the
system, representing unpredictable variations from the expected pattern.

Model identification follows a systematic procedure beginning with stationarity assessment
using unit root tests, particularly the Augmented Dickey-Fuller (ADF) and Kwiatkowski-
Phillips-Schmidt-Shin (KPSS) tests that provide complementary hypotheses. The ADF test,
with null hypothesis of non-stationarity, evaluates whether differencing is required, while
KPSS, with null hypothesis of stationarity, confirms the adequacy of transformations. For
air quality applications, first-order differencing (d=1) typically suffices for daily data,
though seasonal differencing may be necessary for hourly observations showing strong
diurnal patterns. The autocorrelation function (ACF) and partial autocorrelation function
(PACF) guide selection of p and q orders, with characteristic patterns indicating appropriate
model structure: exponential decay in ACF with cutoff in PACF after lag p suggests AR(p),
while the reverse pattern indicates MA(q), and gradual decay in both suggests mixed ARMA
structure.

The seasonal extension SARIMA (p, d, q) (P, D, Q) incorporates periodic patterns prevalent
in air quality data, where s represents the seasonal period (24 for hourly data with daily
cycles, 7 for daily data with weekly patterns). The seasonal component multiplies the non-
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seasonal ARIMA structure, creating a model capable of capturing both short-term
dependencies and recurring cycles. For hourly air quality data, SARIMA models typically
incorporate daily cycles through (P, D, Q)24 terms that capture how concentrations at a given
hour relate to the same hour on previous days, essential for modelling rush-hour peaks and
nocturnal inversions that occur at consistent times.

Parameter estimation employs maximum likelihood methods, with modern
implementations using sophisticated optimization algorithms to handle the non-linear
likelihood surface. The Akaike Information Criterion (AIC = -21 + 2k) and Bayesian
Information Criterion (BIC = -21 + k log n) balance model fit against complexity, penalizing
excessive parameters that risk overfitting. Grid search procedures systematically evaluate
candidate models across reasonable ranges of p, q, P, and Q, with typical searches
considering p,q € {0,1,2,3,4,5} and P, Q € {0,1,2} to maintain computational tractability
while capturing relevant temporal structures.

2.3.3. Application to Multi-Scale Air Quality Forecasting

The application of ARIMA methods to air quality requires careful consideration of temporal
granularity, as different aggregation levels reveal distinct patterns and require specific
modelling strategies. Hourly data exhibits strong diurnal cycles driven by traffic patterns
and boundary layer dynamics, with ACF showing significant peaks at lags 24, 48, and 72
hours. Studies across European cities have demonstrated that these patterns necessitate
either seasonal SARIMA models or explicit deseasonalization before modelling. In Milan,
Vlachogianni et al. (2011) found SARIMA (1,0,1) (1,1,1)24 optimal for hourly NO:
forecasting, while Barcelona required SARIMA (2,0,1) (1,1,2)24 due to different traffic
patterns and coastal effects. Sub-daily aggregation to 3-hour intervals reduces noise while
preserving important temporal variations, with peaks at lags 8 and 16 capturing the rhythm
of urban activities. Daily averages smooth short-term fluctuations to reveal weather-driven
patterns and weekly cycles, typically requiring simpler ARIMA structures with p, q < 3, as
demonstrated in Athens where ARIMA (2,1,2) proved optimal for daily PMo forecasting.

Station-specific modelling acknowledges that optimal ARIMA parameters vary with local
conditions and emission patterns. European studies consistently show that traffic stations
exhibit stronger autoregressive components (higher p) due to persistent local emissions,
while background stations show stronger moving average components (higher q) reflecting
the influence of transported pollution (Marinov et al., 2022). Industrial stations may require
intervention models to handle irregular emission events, as industrial areas experience
highly variable pollutant concentrations influenced by facility operations that standard
ARIMA models struggle to capture. Suburban stations often show cleaner seasonal patterns
amenable to SARIMA modelling, with studies achieving R? values exceeding 0.8 for ozone
forecasting using seasonal ARIMA specifications with 24-hour periodicity (Gocheva-Ilieva,
S.G., et al., 2014, Bouzghiba, H., et al., 2024).

Multi-horizon forecasting strategies extend ARIMA predictions beyond one-step-ahead,
though forecast uncertainty increases rapidly with horizon. Direct forecasting fits separate
models for each horizon, preserving forecast accuracy at the cost of model consistency.
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Studies from London's air quality forecasting system showed direct 24-hour ahead models
outperformed iterative approaches by 15-20% for peak concentration predictions. Iterative
forecasting uses one-step predictions recursively, maintaining model parsimony but
accumulating errors. Research in Paris demonstrated that iterative errors compound
approximately linearly for the first 6 hours, then exponentially beyond 12 hours. For
operational air quality forecasting, hybrid strategies prove effective: direct models for key
horizons (next-day maximum, 48-hour average) combined with iterative forecasting for
complete temporal coverage, as implemented in several European cities including Rome
and Berlin.

The influence of meteorological regimes on optimal ARIMA structures has been
documented across European climates. Mediterranean cities show distinct summer/winter
patterns requiring seasonal model switching, with Athens using ARIMA (2,0,2) in summer
but ARIMA (3,0,3) in winter due to different mixing conditions. Continental European cities
exhibit more stable year-round patterns, though extreme events like heat waves or cold
spells may require model adaptation. Coastal locations face additional complexity from sea-
breeze circulations that modify diurnal patterns, necessitating time-varying parameter
models or regime-specific ARIMA structures. Alpine cities present unique challenges with
valley-mountain wind systems creating multi-scale temporal patterns not easily captured by
standard SARIMA models.

Performance benchmarking across European applications reveals consistent patterns in
ARIMA effectiveness. For NOz, hourly ARIMA models typically achieve RMSE of 15-25
pg/m? at traffic sites and 10-15 pg/m? at background locations, with correlations of 0.7-0.85.
PMo predictions show larger relative errors, with RMSE of 8-15 pg/m? for daily averages,
reflecting the complex sources and atmospheric processing of particulate matter. Ozone
forecasting exhibits strong seasonal dependence, with summer RMSE of 20-30 pg/m?
versus winter values of 10-15 pg/m?. Studies comparing ARIMA to persistence forecasts
show 30-50% improvement in RMSE for 24-hour predictions, with gains largest during
transition periods when concentrations change rapidly.

The integration of exogenous variables into ARIMAX models has shown mixed results
across European studies. Meteorological variables as external regressors sometimes
improve forecasts, particularly temperature for ozone and wind speed for PM, but gains are
often marginal (5-10% RMSE reduction) and may compromise model stability. Lagged
concentrations from nearby stations as exogenous inputs can enhance predictions during
transport events, though benefits depend on predominant wind patterns and station spacing.
Calendar variables (weekday/weekend, holidays) as external predictors show clearer
benefits, improving NO: forecasts by 10-15% at traffic locations. The trade-off between
model complexity and robustness generally favours parsimonious ARIMA structures over
complex ARIMAX models for operational forecasting.

2.3.4. Advantages and limitations of statistical Methods

Statistical methods offer compelling advantages for operational air quality forecasting that
explain their continued use despite the availability of sophisticated CTMs. Computational
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efficiency remains paramount, with ARIMA models generating forecasts in milliseconds
compared to hours for CTMs, enabling real-time updates as new observations become
available and extensive ensemble forecasting for uncertainty quantification. The minimal
data requirements, historical time series at a single location, contrast sharply with CTMs'
need for comprehensive emissions, meteorology, and boundary conditions. Local
optimization ensures that statistical models capture site-specific features missed by gridded
CTMs: microscale effects from nearby sources, building-induced flow patterns, and
systematic biases from monitoring station siting. The empirical nature of statistical models
allows them to implicitly account for all processes affecting concentrations, including those
poorly represented or omitted from CTMs.

Performance evaluation consistently demonstrates superior short-term forecasting skill of
statistical methods at monitoring locations. The ARIMA search grid approach applied to
Budapest achieved mean absolute errors of 11-24 pug/m? for hourly NO: and 4.8-7.6 ng/m?
for 3-hourly PM.o, outperforming CTM predictions by 30-50% at the same locations. This
accuracy advantage stems from statistical models' ability to learn and correct for systematic
patterns in local pollution, including consistent model biases, recurring emission patterns,
and site-specific meteorological effects. The transparent model structure facilitates
diagnostic evaluation, with residual analysis revealing model deficiencies and suggesting
improvements.

However, statistical methods face fundamental limitations that restrict their applicability to
specific forecasting contexts. The absence of physical foundation means statistical models
cannot predict responses to unprecedented conditions, emission changes, or control
strategies, core applications of CTMs. Spatial interpolation remains problematic as models
trained at one location fail when applied elsewhere, limiting statistical methods to
monitoring station locations without spatial coverage. Temporal extrapolation beyond
training conditions produces unreliable predictions, with model performance degrading
rapidly for unusual meteorological conditions or emission scenarios not represented in
historical data. The black-box nature provides no process understanding, making it
impossible to diagnose why predictions fail or how to improve them beyond statistical
adjustments.

2.4. Machine Learning Revolution in Air quality Forecasting

The application of machine learning to air quality forecasting represents a fundamental
paradigm shift in atmospheric science, transitioning from purely deterministic chemical
transport models to data-driven approaches capable of learning complex patterns from
historical observations. This transformation has unfolded through distinct technological
waves, beginning with traditional machine learning algorithms in the early 2000s, evolving
through deep learning architectures in the 2010s, and currently focusing on hybrid
approaches that integrate physical understanding with statistical learning (Feng et al., 2025;
Liao et al., 2020)
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2.4.1. Traditional Machine Learning Approaches
24.1.1. Random Forest in Air Quality Applications

Random Forest algorithms have been extensively investigated for air quality prediction
across diverse geographical and meteorological contexts. (Lei et al., 2022) explored RF
applications in Macao's subtropical climate, while (Mampitiya et al., 2024) examined their
utility in Sri Lankan tropical conditions. The widespread adoption of RF in air quality
studies stems from its documented ability to handle high-dimensional meteorological data
and capture non-linear relationships between atmospheric variables.

The literature reveals considerable variation in RF implementation strategies. Some
researchers advocate for deep, unconstrained tree architectures when modelling complex
urban environments (Gladson et al., 2022), while others emphasize the importance of
regularization through depth constraints to prevent overfitting (Bi et al., 2020). This
divergence in approaches highlights an ongoing debate about the optimal balance between
model complexity and generalization capability in atmospheric applications.

Recent studies have investigated asymmetric loss functions within RF frameworks to
address the public health implications of under-predicting pollution episodes (Shaziayani et
al., 2021). However, the effectiveness of such modifications remains contested, with some
researchers arguing that standard ensemble variance reduction naturally mitigates
prediction bias without specialized loss functions (Freeman et al., 2018).

2.4.1.2. Support Vector Regression

Support Vector Regression has attracted significant attention in air quality forecasting due
to its theoretical advantages in high-dimensional spaces through kernel methods. Early
applications by (Méndez et al., 2023) explored SVR for criteria pollutant prediction,
establishing a foundation for subsequent research. The radial basis function (RBF) kernel
has been particularly popular, with studies investigating its application to meteorological
feature sets (Castelli et al., 2020; Masood et al., 2023).

However, the literature reveals persistent challenges in SVR implementation for
atmospheric applications. The curse of dimensionality, first identified in this context by (Z.
Zhao et al., 2022), poses significant obstacles when the number of features approaches or
exceeds the number of training samples. Several studies have documented cases where SVR
performance degraded catastrophically in high-dimensional meteorological feature spaces
(Murillo-Escobar et al., 2019), leading some researchers to question the practical utility of
kernel methods for operational air quality forecasting.

The debate around SVR effectiveness has prompted investigations into alternative kernel
functions and regularization strategies. Polynomial kernels have been explored for
capturing seasonal patterns (Sotomayor-Olmedo et al., 2013), while hybrid kernels
combining multiple basis functions have shown promise in specific applications (L. H.
Zhang et al., 2021). Nevertheless, the computational complexity and parameter sensitivity
of SVR continue to limit its adoption in real-time forecasting systems.
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2.4.1.3. Gradient Boosting Methods

Gradient Boosting Regression (GBR) and its variants have emerged as powerful alternatives
to random forests, with extensive investigation in air quality contexts. The sequential
learning paradigm of gradient boosting, where each model corrects its predecessor's errors,

has proven particularly effective for capturing temporal evolution in pollution patterns
(Masood et al., 2023).

XGBoost and LightGBM implementations have gained prominence in recent literature,
with studies comparing their performance across different pollutants and temporal scales
(Kalantari et al., 2024). The ability to incorporate custom loss functions has made gradient
boosting attractive for researchers addressing specific forecasting objectives, such as
extreme event prediction or exposure assessment (Z. Y. Chen et al., 2024; Ke et al., 2022).

A significant theme in gradient boosting literature concerns the trade-off between model
complexity and interpretability. While deep boosting ensembles can capture subtle
atmospheric patterns, they sacrifice the transparency crucial for regulatory applications
(Alotaibi et al., 2024). This has led to investigations of interpretable boosting variants and
post-hoc explanation methods, though consensus on optimal approaches remains elusive.

2.4.1.4. K-Nearest Neighbours

Despite being one of the oldest machine learning methods, K-Nearest Neighbours has
experienced renewed interest in air quality applications, particularly for anomaly detection
and extreme event prediction. Recent studies have explored KNN's effectiveness when
combined with specialized feature engineering, particularly in deviation or anomaly spaces
rather than absolute concentration spaces (Jin et al., 2023; Rahman et al., 2024).

The literature reveals that KNN's performance is highly sensitive to distance metric
selection and the curse of dimensionality. Studies have investigated various distance
measures beyond Euclidean, including Mahala Nobis distance for correlated features and
dynamic time warping for temporal patterns (Lin & Li, 2024). The optimal number of
neighbours remains context-dependent, with urban environments typically requiring larger
k values to smooth local noise.

2.4.2. Deep Learning Revolution
2.4.2.1. LSTM Networks and Temporal Dependencies

Long Short-Term Memory networks have fundamentally transformed time series
forecasting in atmospheric science, with extensive investigation since their introduction to
air quality applications.(Drewil & Al-Bahadili, 2022) examined LSTM architectures for
pollution prediction, while (Sudha et al., 2025) explored enhanced variants incorporating
attention mechanisms. The ability of LSTMs to capture long-range temporal dependencies
has made them particularly attractive for modelling pollutant accumulation and dispersion
processes.
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The literature reveals ongoing debates about optimal LSTM architectures for air quality
applications. Some studies advocate for deep, multi-layer architectures to capture
hierarchical temporal patterns (Y. Huang et al., 2022), while others demonstrate that shallow
networks with appropriate feature engineering can achieve comparable performance with
reduced computational cost (Ansari & Quaff, 2025). The question of optimal lookback
windows remains contentious, with different studies reporting peak performance at varying
temporal scales from hours to weeks.

Bidirectional LSTMs have been investigated for applications where future meteorological
forecasts are available, though their utility for operational forecasting remains limited
(Drewil & Al-Bahadili, 2022). Variants incorporating convolutional layers (ConvLSTM)
have shown promise for spatiotemporal prediction, particularly in urban networks with
multiple monitoring stations (L. Zhang et al., 2021).

2.4.2.2.  The critical Role of feature Engineering

The literature consistently emphasizes that feature engineering often contributes more to
model performance than algorithmic selection. Studies have developed specialized feature
sets targeting different atmospheric processes: short-term dynamics for traffic-related
variations, long-term patterns for seasonal trends, meteorological drivers for dispersion
mechanisms, and anomaly features for extreme events (Tang et al., 2024; Z. Zhang et al.,
2024).

Temporal encoding strategies have received particular attention, with various approaches to
capturing diurnal, weekly, and seasonal patterns. Cyclical encoding using sine and cosine
transformations has become standard practice, though debate continues about optimal
encoding frequencies and whether to include higher harmonics (Alkabbani et al., 2022).

The recognition that atmospheric systems exhibit distinct behavioural regimes has led to
investigations of regime-specific modelling approaches. Studies have identified various
regime classification schemes based on meteorological conditions, emission patterns, and
pollutant concentrations (Cheng et al., 2021; Garcia-Herrera et al., 2022). The literature
reveals significant performance improvements when models are trained separately for
different regimes, though optimal regime identification methods remain debated. While
these individual components, specialized feature sets, temporal encodings, and regime-
specific approaches, have demonstrated value independently, no comprehensive framework
exists that systematically combines physics-informed feature engineering with regime-
aware model selection and interpretable ensemble fusion. This integration represents a key
contribution of the present thesis.

2.4.3. Current Challenges and Future Directions

The machine learning revolution in air quality forecasting has achieved remarkable
progress, yet significant challenges remain. The interpretability-accuracy trade-oft
continues to limit adoption in regulatory contexts, with stakeholders requiring both high
performance and explainable predictions. The generalization of models across different
geographical regions and meteorological conditions remains problematic, with most studies
reporting degraded performance when models are applied outside their training domains.
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Data quality and availability persist as fundamental limitations, particularly in developing
regions where monitoring networks are sparse. The integration of satellite observations,
low-cost sensors, and citizen science data presents opportunities but also challenges related
to data fusion and quality control. The computational requirements of advanced deep
learning models pose barriers to real-time operational deployment, particularly for high-
resolution spatiotemporal prediction.

The literature suggests that future advances will likely come from intelligent integration
rather than algorithmic innovation alone. The combination of physical understanding with
machine learning, careful feature engineering informed by atmospheric science, and
transparent ensemble methods that maintain interpretability while achieving high
performance represent the most promising directions for continued progress in this rapidly
evolving field.

2.5. Hybrid and Ensemble Methods in Air Quality Forecasting

The limitations of both purely deterministic and purely statistical methods have driven the
development of hybrid and ensemble approaches in air quality forecasting. This
methodological evolution reflects a growing recognition that neither physics-based models
nor machine learning algorithms alone can adequately capture the complexity of
atmospheric pollution dynamics (L. Jiang et al., 2020; Sayeed, 2021). The literature reveals
a progression from simple model averaging to sophisticated fusion techniques that attempt
to leverage complementary strengths while mitigating individual weaknesses.

2.5.1. Deterministic-Statistical Hybrid Approaches

2.5.1.1.  Integration of Chemical Transport Models with Machine
Learning

The coupling of Chemical Transport Models (CTMs) with statistical methods represents
one of the most active areas of research in air quality forecasting. This hybridization
addresses fundamental limitations of CTMs, including computational constraints, coarse
spatial resolution, and systematic biases, while maintaining physical consistency (Menut et
al., 2020). The literature documents various integration strategies, from post-processing
corrections to fully coupled systems.

Early hybrid approaches focused on statistical post-processing of CTM outputs. (Z. Liu et
al., 2022) applies deep learning to bias-correct ozone in a chemistry-climate model, while
(Tchepel et al., 2020) investigated urban aerosol forecasting through CTM-statistical
integration. The fundamental premise underlying these approaches is that CTMs provide
physically consistent baseline predictions that statistical methods can refine using historical
observation-model discrepancies. However, debates persist about whether post-processing
preserves the physical relationships encoded in CTMs or merely fits statistical patterns that
may not generalize to new conditions (Tang et al., 2024).

More sophisticated integration strategies involve using CTM outputs as features for
machine learning models alongside meteorological and emission data. (Sayeed, 2021)
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developed the CMAQ-CNN approach, where convolutional neural networks learn to extract
relevant patterns from gridded CTM outputs. Similarly, (Ajdour et al., 2024)investigated
using CHIMERE outputs with various machine learning algorithms for ozone prediction.
These studies suggest that CTM outputs provide valuable physical context that purely data-
driven models cannot capture from observations alone.

The WRF-CHIMERE coupling investigated by (L. Jiang et al., 2020) exemplifies online
integration where meteorological and chemical components interact bidirectionally. This
approach has been extended to include machine learning components that learn systematic
model errors and provide real-time corrections. However, the computational overhead and
complexity of such systems limit operational deployment.

2.5.1.2.  Physics-Informed Machine Learning Frameworks

Recent literature has explored more fundamental integration of physical principles into
machine learning architectures. Physics-informed neural networks (PINNs) incorporate
conservation laws, chemical kinetics, and atmospheric dynamics as constraints or
regularization terms in the learning process (B. Li et al., 2023). This approach aims to ensure
that learned patterns respect fundamental physical laws while maintaining the flexibility to
capture complex empirical relationships.

Various strategies for encoding physical knowledge have been investigated. Some studies
design neural network architectures that mirror atmospheric processes, with layers
corresponding to vertical atmospheric levels or separate modules for different chemical
mechanisms (S. Li et al., 2024). Others incorporate physical constraints through specialized
loss functions that penalize violations of mass conservation, chemical equilibrium, or
thermodynamic principles (Mukherjee & Bhattacharyya, 2024).

The super-resolution chemistry transport modelling approach explored by (Bessagnet et al.,
2021) represents another hybrid strategy, using deep learning to downscale coarse CTM
outputs to finer spatial resolutions. This approach leverages the physical consistency of
CTMs while using machine learning to add fine-scale details that would be computationally
prohibitive to model explicitly.

2.5.1.3.  Challenges in Hybrid Model Development

The literature identifies several persistent challenges in developing effective hybrid models.
The computational overhead of running both deterministic and statistical components limits
real-time application, particularly for high-resolution forecasting (Fan et al., 2022;
Georgiou et al., 2022). Questions about error propagation between components remain
unresolved, with debates about whether coupling amplifies or mitigates individual model
uncertainties.

The interpretability of hybrid models presents particular challenges. While CTMs provide
physically interpretable process representations and machine learning can offer feature
importance metrics, the interaction between components often creates opacity about which
factors drive specific predictions (Houdou et al., 2024). This limitation has implications for
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regulatory applications where understanding causality is as important as prediction
accuracy.

2.5.2. Ensemble Techniques in Air Quality Forecasting
2.5.2.1. Traditional Ensemble Approaches

The application of ensemble methods to air quality forecasting has evolved significantly
over the past decade. Early studies explored simple arithmetic averaging of multiple model
outputs, recognizing that combining predictions could reduce individual model biases
(Galmarini et al., 2018). However, these approaches assume equal model skill and ignore
potential complementarities or redundancies between models.

Weighted averaging schemes have been extensively investigated, with various strategies for
determining optimal weights. Inverse error weighting, where models are weighted inversely
proportional to their historical errors, has been widely applied (F. Chen et al., 2023).
Performance-based weighting using metrics like RMSE, correlation coefficients, or skill
scores offers more sophisticated approaches, though the choice of metric significantly
influences results (Hodson, 2022).

Bayesian Model Averaging (BMA) provides a probabilistically principled framework for
ensemble combination. (Qi et al., 2022) applied BMA to multi-model air quality forecasts
in Central China, while (Kim et al., 2020a) investigated its application to streamflow and
air quality prediction. BMA weights models based on their posterior probabilities given
historical data, naturally accounting for model uncertainty. However, the assumption of
conditional independence between models, which often share inputs and physical
parameterizations, remains problematic in atmospheric applications.

2.5.2.2. Advanced Stacking and Meta-Learning

Stacking or stacked generalization has emerged as a powerful ensemble technique in recent
air quality literature. This approach uses a meta-learner to combine base model predictions,
potentially capturing non-linear relationships and complementarities between models. (Xu
et al., 2025) applied stacking with SHAP-based insights for urban air quality forecasting,
while (Ravindiran et al., 2025) explored ensemble stacking for air quality prediction in
Hyderabad.

The selection of meta-learning algorithms varies widely across studies. Linear models offer
interpretability but may not capture complex interactions, while non-linear meta-learners
like gradient boosting or neural networks can model sophisticated relationships at the cost
of transparency (Tian et al., 2024). The literature reveals ongoing debates about the
appropriate complexity level for meta-learners, with some arguing that simple models
suffice when base models are diverse, while others demonstrate performance gains from
complex meta-learning.

Cross-validation strategies for training meta-learners receive particular attention in the
literature. Time series cross-validation, spatial hold-out, and blocked cross-validation have
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been explored to prevent data leakage and ensure realistic performance estimates (Oziipak
et al., 2025). The temporal dependence in air quality data complicates traditional cross-
validation approaches, necessitating careful consideration of training and validation set
construction.

2.5.2.3. Multi-Model and Multi-Configuration Ensembles
Multi-model ensembles combining predictions from different CTMs have been investigated
extensively. The AQMEII (Air Quality Model Evaluation International Initiative) projects
have coordinated multi-model exercises comparing and combining outputs from CMAQ,
CHIMERE, WRF-Chem, and other models (Galmarini et al., 2021). These studies reveal
that model diversity improves ensemble robustness, though the computational cost of
running multiple CTMs limits operational implementation.

Multi-configuration ensembles using the same base model with perturbed inputs or
parameterizations offer a computationally more tractable alternative. Studies have explored
perturbations to emissions inventories, meteorological boundary conditions, chemical
mechanisms, and physical parameterizations (Diaz-Isaac et al., 2019; Hu et al., 2017). The
generation of representative ensemble members that adequately sample uncertainty space
remains an active research area.

The optimal ensemble size represents a persistent question in the literature. While larger
ensembles theoretically provide better uncertainty estimates, practical constraints and
diminishing returns suggest optimal sizes between 5-20 members for most applications
(Milinski et al., 2020). The trade-off between ensemble diversity and computational cost
continues to shape operational implementations.

2.5.3. Fuzzy Aggregation Operators: An Unexplored Frontier

2.5.3.1. Theoretical Foundations and Potential Applications
Despite the extensive application of fuzzy logic in environmental modelling, the use of
fuzzy aggregation operators for air quality ensemble fusion remains remarkably limited in
the literature. Fuzzy aggregation operators offer mathematical frameworks for combining
information while explicitly modelling uncertainty, imprecision, and interactions between
information sources (Klement et al., 2004).

The theoretical foundations of fuzzy aggregation rest on the concept of aggregation
functions that generalize classical operations like minimum, maximum, and arithmetic
mean. T-norms and t-conorms provide families of operators that can model different types
of interactions, from pure redundancy to full complementarity. More sophisticated operators
like the Choquet integral, Sugeno integral, and copula-based aggregators offer additional
flexibility in modelling dependencies.

The potential advantages of fuzzy aggregation for air quality applications are compelling.
Unlike weighted averaging, these operators can model non-linear interactions between
models, explicitly represent uncertainty in model outputs, and provide interpretable
parameters that quantify relationships between information sources (Grabisch, 2011). The
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ability to handle imprecise and uncertain information aligns well with the characteristics of
both atmospheric measurements and model outputs.

2.5.3.2. Applications in Related Environmental Domains

While direct applications to air quality ensemble fusion are scarce, fuzzy aggregation has
been successfully applied in related environmental domains. In hydrological forecasting,
fuzzy operators have been used to combine multiple rainfall-runoff models, with studies
demonstrating improved performance over traditional averaging (Burak Akgun et al.,
2021a; Xiong et al., 2001). Water quality assessment has employed fuzzy aggregation to
combine multiple indicators into composite indices that account for parameter interactions
and uncertainties (Ocampo-Duque et al., 2006).

Climate modelling has seen limited but promising applications of fuzzy aggregation.
Studies have explored using fuzzy measures to combine multiple climate model projections
while accounting for model dependencies and shared biases (Burak Akgun et al., 2021b).
The ability to model both redundancy and synergy between models addresses fundamental
limitations of traditional climate ensemble approaches.

In renewable energy forecasting, particularly wind and solar power prediction, fuzzy
aggregation has been applied to combine multiple forecast models. These applications
demonstrate the operators' ability to adapt to changing conditions and model time-varying
relationships between predictors (Peldez-Rodriguez et al., 2023). The parallels with air
quality forecasting, including dealing with meteorological inputs and non-stationary
processes, suggest potential transferability.

2.5.3.3. The Research Gap in Air Quality Applications

The conspicuous absence of systematic investigation of fuzzy aggregation operators in air
quality ensemble literature represents a significant research gap. While isolated studies have
explored fuzzy logic for components of air quality systems, such as fuzzy inference systems
for pollution alerts or fuzzy clustering for pattern recognition, the application to model
fusion and ensemble combination remains virtually unexplored.

Several factors may explain this gap. The air quality modelling community's strong tradition
of physics-based modelling may create resistance to mathematical frameworks perceived
as lacking physical interpretation. The additional mathematical complexity of fuzzy
operators compared to simple averaging may deter adoption, particularly given the already
substantial complexity of atmospheric models. The lack of established software libraries
and benchmark datasets for fuzzy aggregation in atmospheric applications presents practical
barriers to entry.

Furthermore, the interdisciplinary nature of fuzzy aggregation, drawing from mathematics,
computer science, and decision theory, may limit cross-pollination with the atmospheric
science community. The terminology and mathematical formalism of fuzzy set theory may
be unfamiliar to researchers trained primarily in atmospheric physics and chemistry.

However, the limitations of current ensemble methods strongly suggest that exploring fuzzy
aggregation could yield significant advances. The inability of traditional weighted
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averaging to model inter-model dependencies, the black-box nature of neural network meta-
learners, and the need for interpretable fusion mechanisms that can be explained to
stakeholders all point toward fuzzy operators as a promising research direction.

2.5.3.4. Specific Opportunities for Fuzzy Aggregation
The Choquet integral, in particular, offers compelling advantages for air quality ensemble
fusion. Its ability to model both the importance of individual models (through fuzzy
measures) and their interactions (through Mobius representations) directly addresses
limitations of current approaches. The integral can capture situations where models provide
redundant information (negative interaction) or synergistic insights (positive interaction),
phenomena that linear combination methods cannot represent.

The interpretability of Choquet integral parameters through concepts like Shapley values
and interaction indices could facilitate understanding of ensemble behaviour. This
transparency contrasts sharply with neural network meta-learners and could be particularly
valuable for regulatory applications where decision-makers need to understand prediction
rationales.

Other fuzzy aggregation operators also merit investigation. The Sugeno integral, which uses
qualitative rather than quantitative scales, could be valuable when combining models with
different output types or confidence levels. Copula-based aggregation could model complex
dependencies between models that share inputs or physical assumptions. Type-2 fuzzy
operators could represent uncertainty about the uncertainty itself, addressing situations
where model reliability varies with atmospheric conditions.

2.5.4. Current Challenges and Future Research Directions

2.54.1. Computational and Implementation Barriers

The literature consistently identifies computational requirements as a major obstacle to
implementing sophisticated hybrid and ensemble methods. The multiplicative effect of
running multiple models or configurations, combined with the overhead of fusion
algorithms, strains computational resources even with modern high-performance computing
facilities. This challenge is particularly acute for operational forecasting systems that must
deliver predictions within strict time constraints.

Efforts to address computational challenges have explored various strategies. Surrogate
modelling and emulation techniques attempt to approximate expensive models with cheaper
alternatives (Vu et al., 2020). Adaptive ensemble selection dynamically chooses subset of
models based on current conditions, reducing unnecessary computations (Delle Monache et
al., 2020). However, these approaches introduce additional complexities and potential
failure modes that require careful consideration.

2.5.4.2. The Interpretability-Performance Dilemma

A persistent theme throughout the hybrid and ensemble literature concerns the tension
between prediction accuracy and model interpretability. While sophisticated machine
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learning meta-learners and deep hybrid architectures can achieve superior predictive
performance, they often sacrifice the transparency essential for understanding pollution
mechanisms and informing mitigation strategies.

This trade-off has profound implications for the adoption of advanced methods in
operational and regulatory contexts. Stakeholders increasingly demand not just accurate
predictions but also explanations of how those predictions are generated. The development
of explainable Al techniques specifically tailored to atmospheric ensemble methods
represents a critical need for advancing the field.

2.54.3. Theoretical Foundations and Validation Frameworks
Despite extensive empirical investigation, the theoretical foundations of many hybrid and
ensemble approaches remain underdeveloped. Fundamental questions about optimal
ensemble design, the relationship between diversity and performance, and the conditions
under which different fusion strategies excel lack definitive answers. The development of
theoretical frameworks that can guide ensemble construction and predict performance
bounds would significantly advance the field.

Validation of hybrid and ensemble methods presents unique challenges not fully addressed
in current literature. Traditional metrics may not adequately capture the value of ensemble
predictions, particularly regarding uncertainty quantification and extreme event prediction.
The development of comprehensive evaluation frameworks that assess multiple aspects of
ensemble performance, including reliability, sharpness, and value for decision-making,
remains an important research direction.
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3  MATERIALS AND METHODS

This research employs a multi-methodological approach across different urban
environments to comprehensively explore air quality forecasting techniques, from statistical
baselines through deterministic-hybrid models to advanced ensemble fusion. The selection
of two geographically distinct study areas: Budapest (Hungary) and Moroccan cities
(Agadir and Casablanca), was driven by both scientific and practical considerations.
Budapest was initially intended as the sole study area; however, computational constraints
during CHIMERE model implementation necessitated the use of pre-configured Moroccan
domains where the model was already operational. This practical limitation evolved into a
methodological advantage: the two regions offer complementary testing environments with
contrasting characteristics in terms of climate (continental vs. Mediterranean/semi-arid),
emission source profiles (industrialized European vs. developing North African),
monitoring infrastructure density, and data availability. Rather than testing transferability
of a single method, this study strategically applies different forecasting approaches to cities
with distinct characteristics, demonstrating the evolution and complementary nature of
various methodologies in addressing urban air quality challenges.

The thesis structure follows a methodological progression:

e Statistical baseline establishment (Budapest): ARIMA models demonstrate the
capabilities and limitations of purely data-driven time series approaches in a
complex Central Eastern European urban environment.

e Deterministic model enhancement (Agadir and Casablanca): CHIMERE-ANN
hybrid approach validates the effectiveness of combining physical models with
neural networks for bias correction in North African coastal cities.

e Advanced ensemble fusion (Budapest): Machine learning models combined through
Choquet Integral fusion represent the state-of-the-art in interpretable ensemble
methods, applied where comprehensive data availability enables sophisticated
multi-model approaches.

This structured approach allows systematic exploration of each methodology's strengths
while matching techniques to data availability and operational constraints typical of
different geographical contexts.
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3.1.Study area and data processing

3.1.1. Budapest Monitoring Network description

This study utilized air quality data from the Budapest atmospheric monitoring network,
comprising 11 stations strategically distributed across the metropolitan area (47.5°N, 19.0°E)
as seen in figure 5. Budapest, the capital of Hungary with a population of approximately 1.7
million inhabitants, experiences a continental climate with significant seasonal variations that
influence pollutant dispersion patterns. The city's location in the Carpathian Basin, bisected by
the Danube River, creates complex topographical conditions affecting local atmospheric
circulation and pollution accumulation, particularly during winter anticyclonic episodes.
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Figure 5. Budapest transport network and air quality stations.

The monitoring stations were classified into four categories based on European Environment
Agency guidelines (2013/34/EU) to capture the spatial heterogeneity of air pollution exposure:

e Urban Traffic Stations: These stations are positioned within 10 meters of major traffic
arteries with daily vehicle flows exceeding 10,000 units, representing population
exposure to direct vehicular emissions.

e Urban Background Stations: Located in residential areas at distances greater than 50
meters from major emission sources, these stations characterize general urban air quality
levels.
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e Urban Industrial Station: Situated in proximity to industrial facilities in the
southeastern district, monitoring the combined impact of industrial processes and urban
emissions.

e Suburban Background Stations: Positioned at the urban periphery to assess
background concentrations and pollution transport from the urban core.

Table 1 shows the categorization of the 11 stations used in this thesis along with the missing
percentage of data in each station.

Table 1. Air quality stations in Budapest.

Station Type of area and station % Missing
Erzsébet square Urban Traffic 5.50
Budatétény Suburban background 0.74
Csepel Suburban background 8.22
Honvéd Sport complex Urban background 3.64
Gilice square Urban background 4.64
Gergely street Urban industrial 1.84
Széna square Urban traffic 3.12
Teleki Laszl6 square Urban traffic 1.82
Pesthidegkut Urban background 13.07
Koérakas park Urban background 111
Kosztolanyi D. square Urban traffic 3.66

3.1.2. Moroccan cities sites

Budapest was initially selected as the primary study area. However, significant computational
limitations arose during the implementation of the CHIMERE chemical transport model,
necessitating a change in study domain. Consequently, the research was conducted using
Moroccan urban areas (Agadir and Casablanca) for which CHIMERE configurations were
already operational. The methodological framework and results presented herein remain
generalizable and can be readily applied to Budapest or comparable urban environments:

Agadir, Morocco (30.4°N, 9.6°W): A coastal city of 600,000 inhabitants providing ideal
conditions for testing CHIMERE model sensitivity to spatial resolution. The Atlantic maritime
influence, year-round mild temperatures (15-25°C), and relatively simple topography create
more stable atmospheric conditions compared to Budapest, allowing clear assessment of how
CTM resolution affects prediction accuracy without the confounding effects of complex terrain.
Data were collected from an urban monitoring station at (30.42°N, 9.60°W), approximately 2
km from the Atlantic Ocean, during March 1 to August 31 for both 2010 and 2016. These
periods captured spring and summer seasonal variations in Os and PMio concentrations,
providing sufficient temporal coverage to evaluate the CHIMERE model's performance across
different resolutions (0.1°, 0.05°, and 0.02°) and seasonal conditions.

Casablanca, Morocco (33.6°N, 7.6°W): Morocco's economic capital with 3.4 million
inhabitants, used for validating the CHIMERE-ANN hybrid approach. The city's intensive
industrial activity and dense traffic networks create pollution patterns suitable for testing
whether neural networks can effectively correct systematic biases in deterministic models. The
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city centre monitoring station at (33.57°N, 7.63°W) provided validation data for February 2021,
capturing mixed urban emissions during winter conditions when pollution accumulation is
typically enhanced. This shorter validation period was sufficient to demonstrate the
effectiveness of the ANN correction approach in reducing CHIMERE's systematic
overestimation of ozone concentrations.

For both cities, the limited number of monitoring stations (single stations operated by the
National Meteorological Service) necessitated the use of deterministic modelling approaches.
However, the availability of comprehensive CTM inputs including emission inventories
(EDGAR HTAP), meteorological forcing (WRF), and boundary conditions (LMDz-INCA,
GOCART) made these sites particularly suitable for testing deterministic model enhancements
through the CHIMERE-ANN hybrid methodology. This approach demonstrates how cities with
limited observational infrastructure can still achieve accurate air quality forecasts by combining
physics-based models with machine learning bias correction techniques.

3.1.3. Data Collection and Parameters

For Budapest, continuous hourly measurements were collected in Budapest from January 1,
2018, to December 31, 2023, encompassing a five-year period that captures both typical
meteorological patterns and exceptional events, including the COVID-19 lockdown periods that
significantly altered emission patterns. The primary pollutants analysed were:

e PMio (Particulate Matter <10 um)
e NO: (Nitrogen Dioxide)

Concurrent meteorological parameters were recorded at one station (47.474, 19.062), including
temperature (°C), relative humidity (%), wind speed (m/s), wind direction (degrees),
atmospheric pressure (hPa), and global solar radiation (W/m?), using WMO-standard
instrumentation.

For Moroccan cities, the measurements were carried out by the Environment Department of
Souss-Massa region and the General Directorate of Meteorology, including hourly
measurements of ozone (O3) and particulate matter (PMj9). The measurement operations
included Agadir city for two years, 2010 and 2016; the typical period is from March 15 to
August 31, and Casablanca city from February 1 to March 27, 2021. The differences between
the periods studied are due to the availability of the stations, meaning the availability of the
data. The study period in Casablanca was short, but it helped validate the spatial resolution
effect temporal and at other sites.

3.1.4. Quality Assessment and Data Preprocessing
A comprehensive quality assurance protocol was implemented following EEA data quality

objectives (2011/850/EU) for both study areas. The preprocessing pipeline consisted of:

1. Primary Validation: Range checks eliminated physically impossible values (PMio >
1000 pg/m?, NO2 > 500 pg/m?, Os > 400 pg/m?, negative concentrations). Instrument
malfunction flags and calibration periods were identified through station maintenance
logs.
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2. Statistical Screening: Outlier detection employed a three-tier approach: (i) values
exceeding +4 standard deviations from rolling 168-hour means, (ii) rates of change
exceeding 200 pg/m?3/h for PMio, 150 pg/m3/h for NO2, and 100 pg/m?/h for Os, and (iii)
persistent values (>6 consecutive identical readings) indicating sensor freezing.

3. Temporal Consistency: Discontinuities were identified using the Pettitt test with
significance level a = 0.05, with metadata consultation to distinguish genuine
environmental changes from instrumentation artifacts.

3.1.5. Missing Data Imputation

Data completeness varied across stations, with missing data percentages ranging from 0.74%
(Budatétény) to 13.07% (Pesthidegkut), primarily attributable to instrument maintenance,
calibration procedures, and power outages. To maintain dataset integrity while preserving
temporal patterns, we implemented an Expectation-Maximization (EM) algorithm for
multivariate imputation.

The EM algorithm proceeded iteratively through:

Expectation Step: Missing values were estimated using conditional expectations based on
observed data, incorporating both temporal autocorrelation and cross-variable dependencies:

x\missing = E[Xmissing |Xobserved' G(t)] (6)

where ©® represents parameter estimates at iteration t, updated using maximum likelihood
estimation on the completed dataset.

Maximization Step: Model parameters (mean vectors L, covariance matrix X) were re-
estimated:

ot
@(t‘l'l) = arg max@L(®|Xobserved,Xr(ngssing) (7)

The algorithm incorporated spatial-temporal structure by including lagged values (t-1, t-24, t-
168 hours), neighbouring station measurements within 5 km radius, and meteorological
covariates. Convergence was achieved when the log-likelihood change fell below 107-6,
typically within 20-30 iterations.

Imputation uncertainty was quantified through multiple imputation (m = 5), generating
confidence intervals for subsequent analyses. Validation on artificially created gaps (5%
random removal) demonstrated mean absolute errors of 3.2 pg/m? for PMio and 4.1 pg/m? for
NO:, with temporal pattern preservation confirmed through autocorrelation function
comparison (mean difference < 0.02 across all lags).

The final quality-controlled dataset comprised 438,120 hourly observations per pollutant-
station combination, providing robust temporal coverage (>90% completeness) for all stations
except Pesthidegkut (86.93% after imputation), enabling comprehensive analysis of pollution
dynamics across diverse urban environments.
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For the Moroccan case studies, data availability was constrained by station operational periods.
Measurements in Agadir spanned March 15 to August 31 for 2010 and 2016, while Casablanca
data covered February 1 to March 27, 2021. Given the episodic nature of these measurement
campaigns, quality assurance focused on validation rather than extensive imputation. Hourly
measurements of ozone (Os) and particulate matter (PMio) were subjected to range checks and
consistency verification against station maintenance logs. The temporal discontinuity between
study periods, a consequence of station availability, was addressed by treating each campaign
as an independent validation dataset for the CHIMERE model evaluation. This approach
preserved data integrity while acknowledging the inherent limitations of monitoring
infrastructure in developing regions.

3.2. ARIMA search Grid modelling

The ARIMA (p, d, q) (P, D, Q) model is applied to perform data analysis, where p, d, q and P,
D, Q represent continuity and seasonal auto-regression differences, respectively. It comprises
three elements: an Autoregressive (AR) model, an Integrated (I) model, and a Moving Average
(MA) model. The AR and MA components are applied to differenced data to ensure stationarity.
Autocorrelation function (ACF) and Partial Autocorrelation (PACF) are used to select the best
values for the models’ parameters (Marinov et al., 2022).

3.2.1. ACF and PACF function

To assess the correlation among observations in a time series, autocorrelation comes into play.
This technique involves plotting the correlation coefficient on the ACF chart against the lag,
which is measured in terms of time periods. The lag represents a specific point in time after the
initial observation in the time series. As a result, ACF is derived from the autocovariance of x;
and x,_,, as part of this process (Morf et al., 1978).
Cov(xy, Xt—n)
ACF(n) = Var(e) ) ()

In this context, Cov(x;, x;_,) represents the covariance between variables x; and x;_,, and
Var(x,) indicates the variance of the variable x;. Covariance gauges the connection between
two random variables, while variance assesses their variability. The correlation coefficient
spans from -1 (indicating a negative relationship) to 1 (indicating a positive relationship). When
there is no discernible relationship between the variables, the correlation coefficient stands at
0.

Partial autocorrelation provides a condensed view of the association between a particular
observation and prior observations, excluding any influences from the intermediate
observations. PAC is a straightforward correlation between x; and x;_, and its calculation
method is as follows (Akaike, 1998):

PACF(n) = Corr[x; — E*(x¢|xt—1, ) Xt—ns1)) Xe—n] )

Here, E*(x¢|X¢—q, ..., Xt—n+1) represents the expected value of x; The ideal model for the time
series is derived based on the findings from the ACF and PACF.
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3.2.2. Stationarity

The requirement of stationarity is essential for most time series forecasting methods.
Stationarity means that the statistical characteristics of the time series such as mean, variance,
autocorrelation, etc. do not change over time. In case of missing stationarity, the time series
needs to be stabilized before further analysis. A Stable History Period (SHP) refers to a specific
timeframe during which the time series maintains stability, can be used to resolve such issues
(Ghaderpour & Vujadinovic, 2020). The stability of the time series in this study is determined
by ACF and PACF. Time series is stable, if ACF fluctuates around a fixed horizontal line with
a gradual decay trend. A differential transformation can be applied to the time series Tt to
produce stationary time series S; (B et al., 2021) as follows:

Tt - St - St—l (10)

3.2.3. ARIMA Method

The ARIMA model utilizes an AR (AutoRegressive) model combined with an MA (Moving
Average) model to conduct time series forecasting (Morf et al., 1978).

Key parameters that play a role in this process include:
The number of previous observations (denoted as 'p').
The degree of differencing (denoted as 'd").

The size of the moving average (denoted as 'q').

The AR model specifically illustrates the relationship between a current observation and an
earlier time period. It does so by considering 'p' previous observations in the following manner:

p
Ye=a+ Z PiYi-i + € (11)

i-1
In this context, y, represents the predicted value for time 't' drawn from a normal distribution,

while y,_; refers to 'p' previous observations from the same time series. ¢; signifies the
regression coefficients, a is a constant, and e, stands for the random error term. The choice of
the order 'p' for the AR(p) model is determined by identifying significant spikes in the PACF.
Another indicator is the gradual decline in the ACF.

The MA model, on the other hand, conducts forecasting by relying on the moving averages of
past random error terms in the following manner:

q
ye=u+ ) Oiec (12)
i—-1

In this context, 8; denotes the regression coefficients, 'q' signifies the moving average order,
and u represents a constant. The determination of the order 'q' for the MA(q) model is based on
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the ACF, specifically looking for a distinct drop-off after 'q' lags. In such cases, the PACF
exhibits a gradual decay pattern.

The ARIMA model can be represented as:

@p(B)(1 — B)y, = 6,(B)e, (13)

Here, B stands for the backshift operator, 'p' indicates the autoregression order, 'd' represents
the differencing order, and 'q' signifies the moving average order. The polynomials ¢, (B) and

84(B) correspond to the autoregressive and moving average components, respectively.

3.2.4. Evaluation Criteria

The optimal pairing of 'p' and 'q' can be determined through the utilization of an objective
function that evaluates the model's performance on a validation dataset. Two such mathematical
methods for scoring statistical models and selecting the most suitable one within a candidate
model set are the Akaike Information Criteria (AIC) and the Bayesian Information Criteria
(BIC). AIC assesses how well the model fits the data using the following approach (Schwarz,
1978):

AIC = =21 + 2k (14)
In this context, [ represents a log-likelihood, and k stands for the count of parameters in the
candidate model.

An extra parameter, n is introduced to the BIC, indicating the number of data samples employed
for fitting, as described below (Bhatti et al., 2021):

BIC = -2l+klogn (15)
The BIC is formulated within the framework of a Bayesian network, while the AIC is developed
by adjusting biased empirical information. Generally, it tends to favour the selection of a less
complex model compared to the AIC.

The coefficient of determination, also known as R-squared, quantifies the proportion of
variance in the dependent variable that can be accounted for by the independent variables in the
model. Itis also employed to assess how well the model fits the data. R-squared ranges between
0% and 100%, where 0% indicates that the model fails to explain the variability of the response
data around its mean, and 100% signifies that the model accounts for all the variability.

3.3. Deterministic approach

3.3.1. Meteorological condition modelling

The Weather Research and Forecasting (WRF) model is a real-time numerical weather
forecasting model for mesoscale meteorological systems. The University Corporation for
Atmospheric Research (UCAR) provided the input data. Initial and boundary WRF conditions
are taken from Global Forecast System (GFS) at 1° every 6 hours. WRF offers several physics,
dynamics, and boundary layer control options available in any combination. Several physical
parameters were selected, such as the RRTM, Dudhia and WRF Single Moment 3 class
schemes, details of parameters used are in table 2.
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Table 2. Summary of the physics and dynamics of WRF settings.

Parameter option Description Reference

Physics

Microphysics WREF Single-Moment 3-class scheme (Hong et al., 2004)

Long Wave Radiation  Rapid Radiation Transfer Model (Mlawer et al., 1997)
(RRTM)

Shortwave Radiation =~ Dudhia scheme (Dudhia, 1989)

Cloud fraction option ~ Xu-Randall method

Surface layer MMS similarity (Fairall et al., 2003)

Land surface Noah Land Surface Model (F. Chen et al., 2004)

Boundary layer Yonsei University scheme (Jiménez & Dudhia, 2012)

Cumulus option Kain-Fritsch scheme (Bullock et al., 2015)

Dynamics

Diffusion Simple diffusion (Reddy et al., 2020)

Eddy coefficient Horizontal Smagorinski 1% order (J. S. Simon & Chow,

2021)

Table 3. Emissions modeling configurations.

Parameter option Description Reference

Anthropogenic emissions

Chemistry mechanism Melchior (Menut et al., 2021b)

Reggriding landuse USGS (Brands et al., 2019)

vertical distribution Mailler and Terrenoire modification  (Terrenoire et al.,
2015)

Time distribution Ebel guidelines (Georgiou et al.,
2018)

Natural emissions

Biogenic emissions MEGAN model (Guenther et al.,
2012)

Sea salt emissions Monahan, completed by Martensson  (ImUlas, 2013)

Mineral dust emissions Menut guidelines (Mailler et al., 2017)

Boundary conditions

Dust boundary conditions GOCART global and LMDz-AER (Ginoux et al., 2001)

Gas boundary conditions LMDz-INCA (Folberth et al.,
2006)

3.3.2. Emissions modelling

Emissions are modeled by considering two types of emissions: human-made emissions, known
as anthropogenic emissions, and natural emissions, which include sea salt emissions, dust
emissions, and biogenic emissions. The Emi-Surf model version 2016b is used for computing
anthropogenic emissions (Russo et al., 2019). The main steps for this model are (1) Projecting
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annual masses from the user database to the Chemistry Transport Model (CTM) grid (2)
Converting annual totals into hourly fluxes used as input to the CTM model by prescribing
monthly, weekly, and hourly profiles, and (3) Converting the data available in the original
dataset into model species. The emissions dataset used the EDGAR for HTAP 2010 v2 global
emissions inventory, which received some updates in 2014 (Shami et al., 2022). This emission
data (CO, NH3, VOCs, NOx, SO2 and PM ) is geo-referenced in a horizontal resolution grid of
0.1° x 0.1° and they are collected according to the pollution-producing sectors. Table 3 presents
emissions modeling configurations.

3.3.3. Chemical transport modelling

CHIMERE is a multi-scale Eulerian Chemistry Transport Model (CTM), designed to generate
daily forecasts of pollutant concentration based on internal and external forcing. The internal
forcing includes physical processes such as horizontal resolution, advection, deep convection,
and boundary-layer turbulence, and chemical processes such as gas-phase chemistry, aerosol
chemistry, depositions, and photolytic rates. The external includes boundary conditions input
and meteorological fields such as Short-Wave Radiation, relative humidity, temperature, and
wind speed and emissions input such as anthropogenic, biogenic, mineral dust, and sea salt
emission. In this study, CHIMERE version 2017r3 is used. The Gas-phase chemistry
mechanism selected is the reduced MELCHIOR mechanism called MELCHIOR2, including
about 120 reactions and 44 species. CHIMERE is configured with 20 vertical levels from
surface up to 200 hPa. The photolysis rates are calculated using the radiative transfer model
FastJX radiation module. All CHIMERE simulations were initialized with a 15-day spin-up
period to reduce the impact of initial conditions and allow chemical and meteorological fields
to reach equilibrium. This duration was chosen following preliminary sensitivity analyses and
established practices in regional CTM studies, which indicate that approximately two weeks
are sufficient for stabilizing major atmospheric constituents before the start of the evaluation
period. Table 4 summarizes CHIMERE configurations.

Table 4. CHIMERE settings summary.

Parameter option Description Reference
Numerical solver TwoStep solver (Verwer et al., 1996)
Chemistry Options Reduced mechanism MELCHIOR 2 (Menut et al., 2013c)
Deep convection fluxes Tiedtke scheme (Tiedtke, 1989)
Advection Upwind scheme (W. Zhang et al.,
2017)
Photolytic rates Radiative transfer model (Mlawer et al., 1997)
Boundary-layer turbulence ~ Troen and Mahrt scheme (Miller et al., 1996)
Soil moisture Fecan scheme (Fécan et al., 1998)
Dry threshold friction Shao and Lu scheme
velocity
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3.3.4. Artificial neural network Modelling

An artificial neural network (ANN) is a modeling technique derived from the human neural
system which provides a way to learn by example from representative data described by a
physical phenomenon or a decision-making procedure (Moayedi et al., 2020). Once a neural
network is created, it is set up and trained. Configuration includes structuring the network to be
consistent with the problem of interest, as defined by sample data. After the network
configuration, the adjustable network parameters, called weights and biases, need configuring
to optimize network performance. This adjustment process is called network training, which
involves establishing setup and training requirements to ensure that the network is provided
with sufficient data examples. ANN has formed by input and output node layers, connected by
one or more hidden node layers (Maleki et al., 2019). The hidden layers implement weighting
functions on the incoming feeds; if a value for a particular node or set of nodes in the hidden
layer achieves a certain threshold, a value is transmitted to one or more nodes in the outgoing
layer. A typical structure of the ANN is indicated in Fig. S1. In our case, we use four hidden
layers with ten neurons for each hidden layer (1-10-10-10-10-1). A Levenberg-Marquardt
algorithm is adopted to reduce the Sum of Squares error functions (Bergou et al., 2020). We
used the Sigmoid function activation in the hidden and the output layer (Roodschild et al.,
2020). The training data included ozone concentration of two periods (Table 2), the first from
March 15 to May 21st, 2016, representing 68 days equal to 87% of the data, for Agadir, and the
second from February 1st to February 10th, 2021, including 240 hours equal to 90% of the data
for Casablanca. The remaining 13%, equal to 10 days and 10% representing 24 hours, were
used as testing data for Agadir and Casablanca, respectively.

3.3.5. Technical concept

Figure 6 presents a technical concept for this study.

Two-Dimensional Horizontal Mesh Grid }

[Os] [PM;]

[ Modeling process ]::> _________ _!

CHIMERE model inputs }-E-:I vs [Observations]

_________ -
1
CHIMERE model outputs J L:I

[T] [WS] [PBLH] [LULC] [E]

N
: 3]
CHIMERE-ANN 4
’{ [0s] ]
[ Experimental process ]' :{ Measurement stations j.
Figure 6. Technical concept of the study, Aspect 1 (Block 1), Aspect 2 (Block 2), Aspect 3
(Block 3).
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The operational process is composed of three steps:

1. After setting up modeling and observation processes, firstly, we tested the spatial
resolution effect on two CHIMERE outputs O3, and PM o

2. As WRF model, USGS model, and Emi-Surf model outputs are used as CHIMERE
inputs, we identify spatial resolution impact on five inputs, namely Temperature (T) and
Wind Speed (WS), Planetary Boundary Layer Height (PBLH), Land Use and Land
Cover (LULC), and Emissions (E).

3. Then we corrected the Ozone CHIMERE model using the ANN model to determine the
effect of CHIMERE resolution on the CHIMERE-ANN as a correction application.

3.4. Machine Learning with Feature engineering

3.4.1. Features Engineering

The limitations observed in both statistical and deterministic-hybrid approaches reveal a
fundamental insight: the raw measurements and standard meteorological variables that serve as
typical model inputs may not optimally represent the underlying atmospheric processes
governing pollutant concentrations. While ARIMA captured temporal dependencies through
lagged observations and CHIMERE-ANN learned systematic bias patterns, neither approach
explicitly encoded the diverse physical mechanisms, traffic rush-hour accumulation, boundary
layer collapse, weekend emission reductions, or anomalous meteorological events, that drive
pollution dynamics at different temporal scales. This recognition motivates a comprehensive
feature engineering strategy designed to transform raw observations into representations that
align with specific atmospheric processes. Rather than expecting machine learning algorithms
to discover these patterns from unstructured data, we hypothesize that carefully crafted features
targeting distinct physical phenomena will enable models to specialize in specific aspects of air
quality prediction. By developing multiple feature sets that emphasize different temporal scales
(hourly to weekly), physical processes (dispersion versus accumulation), and system states
(normal versus anomalous), we create the foundation for an ensemble where each model
becomes an expert in particular atmospheric condition. This approach acknowledges that the
superiority of any given model architecture may depend less on its mathematical sophistication
than on whether its input features appropriately represent the dominant processes during
specific prediction contexts. To capture the multi-scale temporal dynamics and heterogeneous
physical processes governing PMio concentrations, we designed a feature engineering strategy
that constructs four complementary feature sets. Each set was developed to emphasize distinct
aspects of pollution behaviour, promoting model specialization and ensuring diverse error
structures suitable for ensemble fusion.

3.4.1.1.  Short-Term dynamics features

This feature set comprised 11 variables targeting immediate temporal dependencies and rapid
transitions characteristic of traffic-induced variations and short-term meteorological impacts.
The set included PMio lags at t-1, t-2, and t-3 hours, with temporal differences computed as:

A(t) = Yeo1 — Yee2s Ay(t) = Ye2 — Yi-3 (16)
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Wind components were encoded to preserve directional continuity:

WDsin(8) = sin(6wp (1)), WDeos(t) = cos (Buwp (1)) (17
Where 6y, is wind direction in radians. Hourly cyclical patterns were captured through:

hour(t) hour(t))

24

(18)

hsin(t) = sin <2T[ 24

),hcos(t) = Ccos <27r.
3.4.1.2. Long-Term pattern features

This set incorporated variables operating at extended temporal scales to detect weekly cycles,
seasonal trends, and persistent atmospheric patterns. It included PM.o lags at 24, 48, and 168
hours, along with rolling statistics computed using past-only windows:

1 w w
T == et g = [1/w) (i = Fu(©) (19)

Where w € {24,168} hours with minimum observations n,,;,, = max (3,w/3).
Monthly seasonality was encoded as:
m_sin (t) = sin (2. month(t)/12) , m_cos (t) = cos (2m.month(t)/12) (20)

Baseline meteorological variables (temperature, relative humidity, global radiation) were
included to capture seasonal atmospheric conditions.

3.4.1.3. Meteorological Driver features

This set emphasized atmospheric dispersion mechanisms through contemporaneous and lagged
(6h, 12h) meteorological variables. A pressure proxy indicator was defined as:

. T(t)

proxy ® = m (21)

Where T is temperature (°C), RH is relative humidity (%), and € = 107°. This proxy serves
as an indicator of atmospheric stability conditions affecting vertical mixing. Decomposed wind
vectors and lagged meteorological features accounted for the delayed impact of atmospheric
conditions on pollutant accumulation.

3.4.1.4. Anomaly Detection features
To enhance model robustness during extreme events, this set quantified deviations from
expected patterns. Standardized z-scores were computed as:
t — Hexp (t - 1)
Oexp (t - 1)

2(t) =2 (22)

where [y, and o,y are expanding mean and standard deviation from all historical values up
tot —1.
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Deviations from periodic patterns were calculated as:
6daily(t) =Yt — Yh(t) ’ 6weekly(t) =Yt — )7168(t - 1) (23)

Binary indicators flagged unusual conditions including nocturnal low-wind events (WS <2 m/s,
00:00-06:00) and high-temperature-low-wind combinations exceeding the 90th percentile. To
prevent data leakage, all temporal features were computed using strict historical information
with shift (1) operations excluding current observations. Table 5 summarizes the composition
and characteristics of the four feature sets, demonstrating how each target specific physical
processes: traffic-induced immediate dispersion, weekly cycles and seasonal trends, boundary
layer dynamics, and extreme events.

Table 5. Feature set composition and characteristics.

Feature Set Variables Temporal  Physical Process Number
scale (h) of features
Short-term dynamics PMy lag {1,2,3}, A, A, WS, 1-3 Traffic immediate 11
WD_sin, WD_cos, hour_sin, dispersion
hour_cos
Long-term patterns PMyo lag {24,48,168} 24-168 Weekly cycles, 12
Rolling_mean {24,48,168} seasonal trends

Rolling_std {24,168}
Month_sin, Month_cos, T, RH,

GRad
Meteorological drivers T, RH, WS, GRad, WD _sin, 0-12 Boundary layer, 14
WD _cos, T_lag {6,12}, RH_lag atmospheric
{6,12}, WS_lag {6,12}, stability
P_proxy
Anomaly detection z-score, 8_daily, & weekly, Multi- Extreme events, 5
unusual_hour, unusual_weather scale outliers

3.4.2. Regime Identification

To enable conditional model specialization, we identified six distinct pollution regimes based
on concentration variability and temporal patterns. Regime boundaries were established using
training set quantiles applied to past-only signals:

Rstapie(t) = 1[06(t = 1) < Q30(a6™*™)] (24)
Ryising () = 1[A3(t — 1) > Q75(A5*™)] (25)
Rraning () = 1[A3(t = 1) < Qo5(AT4™)] (26)

Rextreme () = 1[ye—1 > Qoo (v ™)) (27)

where A3(t) = y; — y;—3 and g, is the 6-hour rolling standard deviation, and 1[.] is the
indicator function.

Temporal regimes captured diurnal patterns:
Rpusn(t) = 1[hour(t) € {7,8,9}] (28)

Rnocturnal(t) = 1[h0ur(t) € {0, ---:5} AWSi_1 < Q4 (WStrain)] (29)
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Each regime was paired with feature sets aligned to its dominant physical processes: short-term
features for rapid transitions (rising, falling, morning rush), long-term features for stable
conditions, meteorological features for dispersion-dominated periods, and anomaly features for
extreme events. This regime-based approach acknowledges the non-stationary nature of PMio
dynamics, enabling models to develop specialized expertise for specific pollution behaviours.

The multi-feature, multi-regime framework ensures that individual models capture distinct
aspects of PMio dynamics, creating complementary prediction patterns amenable to various
fusion strategies including weighted averaging, stacking, Bayesian model averaging, and
Choquet integral aggregation. The diversity in feature representations and regime specialization
promotes ensemble robustness across varying atmospheric conditions and pollution scenarios.

3.4.3. Machine Learning models

3.4.3.1. Random Forest Regressor (RF)

Random Forest models (Breiman, 2001b) were configured with 400 trees and adaptive
maximum depth based on regime specialization. For high-pollution and transition regimes, no
depth constraint was imposed to capture complex non-linear relationships, while stable
conditions employed depth limitation (max_depth=10) to prevent overfitting during low-
variability periods. Minimum samples per leaf varied between 2 for transition detection and 5
for stable conditions. The bootstrap aggregation mechanism proved particularly effective for
PMio prediction, with out-of-bag error estimates indicating optimal forest size at 400 trees
(convergence achieved at 350 trees with <1% improvement thereafter).

Asymmetric loss variants were implemented using sample weighting:
w; = exp((¥; — 4y)/0y) for underestimation-averse models
w; = exp(—(y; — Uy)/oy) for overestimation-averse variants
where u, and o, represent training sets mean and standard deviation.

This weighting scheme penalizes prediction errors asymmetrically, with underpredict-averse
models assigning exponentially higher weights to high-concentration samples. Node splitting
utilized Gini impurity with bootstrap sampling, while out-of-bag error estimation provided
internal validation without requiring a separate validation set. Feature importance was
calculated through mean decrease in impurity, weighted by the probability of reaching each
node and the number of samples affected.

3.4.3.2. Gradient Boosting Regressor (GBR)
Two distinct Gradient Boosting configurations (Friedman, 2001) were implemented targeting
different temporal dynamics. For stable conditions, we employed a conservative architecture
with 500 trees, learning rate n = 0.03, maximum depth of 3, and subsample ratio of 0.9. This
configuration prioritizes gradual refinement over aggressive fitting, suitable for capturing
smooth temporal transitions. The loss function minimization follows:

Fn(x) = Fp_1(x) + 0. hyp (%) (25)
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Where h,,,represents the m-th weak learner fitted to the negative gradient of the loss function.
For regime-specific models, we utilized a more aggressive configuration with 300 trees, n =
0.05, and maximum depth of 4, enabling faster adaptation to regime-specific patterns.

Robustness was enhanced through Huber loss for outlier resistance when |y; — ¥;| exceeded
1.350, transitioning from squared to linear loss. Feature subsampling (0.8) at each split
introduced stochasticity to reduce overfitting. Early stopping with a patience of 50 iterations
prevented overspecialization to training data, triggered when validation loss failed to improve
by more than 10~*.

3.4.3.3.  Support Vector Machine (SVM)
Support Vector Regression (Scholkopf, 1998) with radial basis function (RBF) kernels were
deployed for meteorological feature sets, leveraging its effectiveness in high-dimensional
spaces with complex non-linear relationships. The optimization problem was formulated as:

min Wi + (&) 26)
Subject to:

Vi—w o)) —b<e+§; 27)

W, p(x))+b—yi<e+ (28)

Where ¢ maps input to a high-dimensional feature space via the RBF kernel k(x,x") =
exp(—y|lx — x'||?). The regularization parameter C = 10.0 balanced model complexity with

training error, while y = adapted to feature scaling. The e-insensitive tube width was

1
dVAR(X)
set to 0.1, permitting small prediction deviations without penalty. Feature standardization
preceded kernel computation to ensure equal contribution across meteorological variables with
different units.

3.43.4. K-Nearest Neighbours (KNN)
KNN regression (Guo et al., 2003) with k = 15 neighbours and distance-weighted voting was
employed for anomaly feature sets, exploiting local similarity in unusual conditions. The
prediction followed:

ZieNk(x) W;. Vi

29
ZiENk(x) wi 29)

yx) =

Where w; = and N (x) represents the k-nearest neighbours of x.

1
d(x,x;)
Distance calculations used Minkowski metric with p = 2 (Euclidean), after robust scaling to
handle outliers. The relatively large k value provided smoothing over local noise while
maintaining responsiveness to anomaly patterns. Leaf size of 30 optimized tree construction for
the Ball Tree algorithm, balancing query speed with construction time.
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3.4.3.5. Long-Short Term Memory (LSTM)

Multiple LSTM architectures were developed to capture temporal dependencies at varying
scales. The core LSTM cell computations followed (Hochreiter & Schmidhuber, 1997):

ft = o(Ws.[he—1, ] + bf) (30)

ie = o(W;. [he_q, x¢c] + by) (31)

C . = tanh (wc. [he—1, x¢] + bc) (32)
Ce= fi*Coq+ip* C, (33)
h; = o, » tanh (C;) (34)

where o denotes the sigmoid activation, and w, b represents weight matrices and bias vectors
respectively.

Architecture configurations were specialized for different temporal patterns:

e Short transitions: lookback = 12 hours, 64 LSTM units, learning rate = 2x103

e Long patterns: lookback = 168 hours, 128 LSTM units, learning rate = 5x10™*

e Multivariate: lookback = 24 hours, 96 LSTM units, features = [PMio, T, RH, WS]
¢ Balanced baseline: lookback = 24 hours, 96 LSTM units, learning rate = 1x103

Each architecture incorporated dropout (p = 0.2) after the LSTM layer for regularization,
followed by a dense layer with 32 ReLU-activated units. For asymmetric variants, we
implemented custom loss functions:

Lasym(yfy'lwlo) =My — y)2+ + Ay — y)z - (35)
Where (z), = max(z,0) and (z)_ = max(—z,0)

Training employed Adam optimization with early stopping (patience = 5 epochs) and learning
rate reduction (factor = 0.5, patience = 3) based on validation loss. Input sequences were
standardized using training set statistics, with separate scalers for features and targets to
preserve scale relationships. Sequence generation used sliding windows with single-step
advancement, ensuring maximum temporal coverage while maintaining causal consistency.
Validation split of 10% or minimum 50 samples prevented overfitting while ensuring sufficient
training data.

The ensemble of specialized LSTM variants captured complementary temporal patterns: short-
transition models excelled at sudden changes, long-pattern variants identified weekly cycles,
while multivariate configurations leveraged cross-variable dependencies during complex
atmospheric conditions. Table 6 summarizes the final configurations and hyperparameters for
all 11 models, determined through extensive grid search and cross-validation.
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Table 6. Feature set composition and characteristics.

Model Type Configuration Key Parameters Feature Set Target Regime
Random Forest
Max depth=10

RF-Standard 400 trees . _ Short-Term All conditions
Min samples leaf=5
. Asymmetric
RF-Underpredict 300 Trees weighting: exp(y — Short-Term Extreme events
Averse
1) /o)
. Asymmetric
RF-Overpredict 300 Trees weighting: exp(—(y — Short-Term Stable Conditions
Averse W) /o)

Gradient Boosting
Learning rate = 0.03
GBR-Stable 500 Trees Max depth=3 Long-Term Stable regime
Subsample=0.9
Learning rate = 0.05
Max depth =4
Support Vector Machine
C=10
SVR-RBF RBF Kernel y = scale Meteorological All conditions
e=0.1
K-Nearest Neighbors
Weights = distance
Metric = Euclidean
LSTM Networks
Lookback = 12h,
LSTM-Short 64 units dropout = 0.2, PMyo only Transitions
Ir =2e3
Lookback=168h,
LSTM-Long 128 units dropout=0.2, PMjo only Weekly patterns
Ir =5e*
lookback=24h,
96 units dropout=0.2, PMio, T, RH, WS All conditions
Ir=1¢
lookback=24h,
LSTM-Balanced 96 units dropout=0.2, PMayoonly Baseline
Ir=1e3

GBR-Regime 300 Trees Varied Regime-specific

KNN-Anomaly K=15 Anomaly Unusual events

LSTM-
Multivariate

3.5. Ensemble fusion methods

The heterogeneous nature of our expert models, spanning tree-based algorithms, neural
networks, and kernel methods with diverse feature specializations, necessitate sophisticated
fusion strategies to optimally combine their predictions. While individual models capture
specific aspects of PMio dynamics, their complementary strengths and varying error patterns
suggest potential for improved performance through ensemble aggregation. To
comprehensively evaluate the proposed Choquet integral fusion approach, we implemented a
spectrum of aggregation methods representing current best practices in ensemble learning. Our
fusion framework encompasses three categories of increasing complexity:

(i) Baseline aggregators (mean, median) that require no training but provide robust
performance benchmarks.

(ii) Linear combination methods including Bayesian Model Averaging (BMA), which has
demonstrated success in meteorological applications (Kim et al., 2020b)
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(iii)Stacking with meta-learning, which has achieved state-of-the-art performance in recent
air quality studies (Tian et al., 2024)

(iv) Choquet integral, a fuzzy measure-based aggregator that uniquely captures both
importance weights and interaction effects between models.

The selection of comparison methods was motivated by their proven effectiveness in
environmental prediction tasks. Stacking has shown 15-25% improvement over individual
models in PM..s forecasting (Oziipak et al., 2025), while BMA provides probabilistically
principled weight assignment with demonstrated robustness to model uncertainty. These
methods, however, assume either linear relationships (BMA) or learn purely empirical
combinations (stacking) without explicitly modelling inter-model dependencies. The Choquet
integral addresses this limitation by incorporating a mathematical framework for synergy and
redundancy, potentially offering superior performance when expert models exhibit complex
interaction patterns. All fusion methods were evaluated under identical conditions: 30% of data
for calibration, consistent expert model pools, and standardized preprocessing. This controlled
comparison enables rigorous assessment of each method's ability to exploit the complementary
information encoded across our specialized expert models.

3.5.1. Baseline aggregation methods

Simple aggregation methods provided performance benchmarks. The arithmetic mean
aggregator computed:

M
1
Iean() =22 ) In(® (36)

m=1

Where M denotes the number of valid predictions at time t. The median aggregator provided
robust central tendency estimation resistant to outlier predictions. Both methods required no
training and served as lower bounds for fusion performance.

3.5.2. Bayesian Model Averaging (BMA)

BMA weights expert predictions based on their posterior probability given the calibration data.
The BIC-based weights were computed as:

exp (—% BICy)

j=1€Xp (— 5 BIC;)
Where the Bayesian Information Criterion for model k is:
BIC, = —2In(Ly) + prln (n) (38)

With L, representing the likelihood under Gaussian residuals assumption, pr = 1 (single
parameter per model), and n the calibration sample size. The fused prediction follows:

M
Toma () = ) widi(©) (39)
k=1
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This approach naturally penalizes model complexity while rewarding predictive accuracy,
providing probabilistically principled weight assignment.
3.5.3. Stacking ensemble with Meta-Learning

Stacking employed a two-level architecture where a meta-learner combined base model
predictions. Using 5-fold time series cross-validation, we generated out-of-fold predictions to
train the meta-model while avoiding data leakage:

ystack(t) = fmeta(yl(t)’ 572(t): N G)) (40)

Three meta-learners were evaluated: Ridge regression with cross-validated o € {0.01, 0.1, 1.0,
10.0}, Elastic Net with a = 0.01 and li-ratio = 0.5, and Gradient Boosting with 100 trees and
maximum depth of 3. The optimal meta-learner was selected based on hold-out validation
performance. Robust scaling preceded meta-learning to handle heterogeneous prediction scales.

3.5.4. Choquet Integral Fusion

The Choquet integral provides a powerful non-linear aggregation framework that captures both
individual model importance and their interactions. Unlike traditional weighted averaging, it
models complementarity and redundancy between experts through a fuzzy measure.

For a set of M expert models N = {1, 2, ..., M}, the Choquet integral with respect to fuzzy

measure W is defined as:
M

C,(x) = Z xoy- [(Aw) — n(Ag+n)] (41)

i=1
Where (-) indicates a permutation such that x(1y < x@p) < < x4 = {0, (@ +
1),..,(m)}and Apr41) = @

To maintain tractability while capturing interactions, we employed the 2-additive Choquet
integral using the Mdbius transform representation:

u(s) = z m(T) (42)

TES

where the Mdbius mass m is restricted to:

Singletons: m({i}) representing individual importance
Pairs: m({i, j}) representing pairwise interactions
Empty set and larger subsets: m(T) = 0 for |T| > 2

The Choquet integral then simplifies to:
M

G0 = ) xm( @)+ D m({i, 1} min (v, ) 43)

i=1 (i,jJSN
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To ensure the fuzzy measure remains monotonic (adding experts never decreases the measure),
we impose:

m({i}) >0,ViEN (44)
m{i}) + m({i,j}) =20, VijEN,i#j (45)
Additionally, the normalization constraint ensures Y,rcy m(T) = 1

The Mobius coefficients were learned by minimizing the mean squared error on calibration
data:

Ncal
1
min,, § e — Cu(xt))z (46)
Neal t—1

Subject to monotonicity and normalization constraints. We employed two optimization
strategies:

e COBYLA (Constrained Optimization BY Linear Approximations): A derivative-free
method suitable for constrained optimization, with maximum iterations set to 2000.

e Differential Evolution: A global optimization method with population-based search,
using bounds [0,1] for singletons and [-0.5, 0.5] for pairs.

The optimization was initialized with equal singleton weights m({i}) = 1/M and zero pairwise
interactions. To balance model diversity with quality, we evaluated Choquet integrals using the
k-best experts based on calibration RMSE, with k € {3, 5, 7, 10, all}. This approach prevents
dilution from poorly performing models while maintaining sufficient diversity.

The Shapley value provides a game-theoretical interpretation of each expert's contribution:
L -
¢ =m({i}) +7 z m({i,j}) (47)
j#i
Representing the average marginal contribution of expert i across all possible coalitions.

The interaction between experts i and j was also assessed and is directly given by the Mobius
mass:

e m({i,j}) > 0: Synergistic interaction (complementary expertise)
e m({i,j}) < 0: Redundancy (overlapping information)
e m({i,j}) = 0: Independent contributions
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4 RESULTS AND DISCUSSION

4.1. Trend analysis of PMioand NO2 concentrations in Budapest

PMjo concentrations in all air quality stations in Budapest were monitored during the period
2018-2022 in order to show the annual average trends of PMio and NO; in Central Eastern
Europe. Datasets were collected during 2018-2022 and compared with the recommended
national limits of 50 pg/m3. Figure 7 shows descending temporal trends of the PMio and NO»
concentrations from 2018 to 2022 due to the natural gas program (Bozé & Baranka, 1996). The
typical trend of annual changes in PMio values of Széna square has the highest concentration
of 42 ng/m3 compared to the other stations studied in this work. The fact that Széna square is
located between two hills of 200m elevation prevents the distribution of air pollution originating
from heating, industry, and motor vehicles in the atmosphere. Due to the low air circulation in
the city centre, especially in winter, the polluting parameters were concentrated in the low areas
of the city, increasing the concentration of PM. Furthermore, rapid population growth, improper
city management, and an increased number of cars caused PM1o and NO> pollution in the city.
Budatétény and Pesthidegkut stations, which showed an ascending trend even their values of
24 pg/m? and 28 pg/m? respectively, is the part of city with the highest use of biomass heating
and located behind. Due to the city’s topographic structure, removing the air pollutants formed
by air circulation is quite difficult, which increases the PM value especially in areas where
biomass burning is highly used for heating. The annual level of NO2 from 2018 to 2022
exceeded the national limit value in Széna square station with 15 pg/m?.

Notably, the impact of the lockdown from mid-March to May 2020 is discernible in PMj data,
as all stations registered reduced values during that period (Salma et al., 2020). Considering
meteorological and topographical factors, it was observed that the increase in fuel use and the
decrease in the wind speed, significantly due to the decrease in temperature in winter months,
triggered the increase in PM (Ferenczi et al., 2021). It is obvious that due to the inversions that
occur in winter, transported dust, smoke, and soot accumulated and contributed to the increase
in pollution levels in the city (Neckel et al., 2023). Despite a general reduction in air pollution
trends, specific stations continue to exhibit higher levels compared to others. This phenomenon
underscores the significance of the station's air quality context. For instance, urban traffic
monitoring stations consistently record greater levels of NO» than industrial stations (Aykag
Ozen & Obekcan, 2023).
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Figure 7. Average PMio and NO2 concentration trends for period from 2018 to 2022 in
(a) Urban Traffic (b) Urban Background (¢) Suburban and industrial background air
quality station.
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4.2. ARIMA Analysis

4.2.1. Autocorrelation and Partial Autocorrelation

To keep it concise, we've displayed plots for NO, but it's important to note that similar patterns
can be observed for the other pollutants as well. Figures 8-10 represent the signal of NO;
concentration resampled by 1h, 3h and 12h during the period 01-01-2021 to 07-01-2021, this
period is chosen only to better representation and observation.
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Figure 8. The signal representing NO:2 concentration measured over 1-hour period (a),
along with its corresponding autocorrelation (b).
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The autocorrelation analysis of NO> measurements at different temporal resolutions has
revealed intriguing insights into the underlying seasonal patterns within the data. In the 1-hour
interval plots, significant peaks at lags 24 and 48 were observed, indicating a strong daily
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seasonality. This suggests a recurring pattern in NO2 concentrations every 24 hours, likely
influenced by daily traffic patterns and human activities. In contrast, the 3-hour interval plots
displayed significant peaks at lags 8 and 16, signifying shorter-term sub-daily seasonality.
These peaks suggest that NO, measurements exhibit repetitive fluctuations approximately
every 8 hours, capturing more frequent variations in pollutant levels. The presence of multiple
seasonal patterns at varying time scales underscores the complexity of the data and highlights
the importance of considering these temporal dependencies when modelling and interpreting
air quality trends. To address these distinct seasonal components effectively, utilizing a
SARIMA model and examining the partial autocorrelation function (PACF) plots for both
intervals can aid in selecting appropriate model orders and gaining deeper insights into the
underlying dynamics of NO2 concentrations.
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Autocorrelation
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Figure 9. The signal representing NO:2 concentration measured over 3-hour period (a),
along with its corresponding autocorrelation (b).
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Figure 10. The signal representing NO: concentration measured over 12-hour period (a),
along with its corresponding autocorrelation (b).

The autocorrelation analysis of NO> concentration in 12h-period has yielded intriguing insights,
particularly in the context of urban traffic emissions. At all stations, a prominent short-term
seasonality was observed, as evidenced by significant peaks at lags 2 and 4. This suggests a
recurring pattern in NO2 concentrations, with distinct cycles occurring approximately every 2-
and 4-time units. Given its status as an urban traffic/background station, these patterns likely
reflect the dynamic nature of traffic flow, with variations tied to daily commuting and traffic-
related events. In contrast, for Kosztolanyi square station, characterized as an urban traffic
location, a consistent significant peak at lag 3 was observed. This suggests a more uniform
short-term seasonality, potentially influenced by factors such as weather conditions or industrial
activities. These findings emphasize the distinct temporal patterns associated with urban traftic
emissions, underlining the importance of targeted strategies for managing air quality in densely
populated urban areas. Understanding and addressing these patterns can pave the way for

effective pollution control measures and urban planning initiatives.
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Figure 11. Autocorrelation and Partial Autocorrelation of NO2 at “Erzsebet square” Air
Quality Station Measured at 1-Hour (a), 3-Hour (b), and 12-Hour (c¢) Granularity.
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4.2.2. Stationarity analysis

Figure 11 presents noteworthy findings, revealing that all peaks, regardless of the data
granularity level, exhibit positive values. This positive trend signifies the imperative need for
data differencing. Turning our attention to the Partial Autocorrelation Function (PACF) plots,
we pinpoint the most substantial peak at a significance level of 0.05, corresponding to a lag of

p=1.

For the 1-hour aggregated data, a distinct pattern emerges a direct relationship is evident among
the series members at and immediately before the 24th tick. This relationship aligns with the
hourly granularity of the data and the daily activities within the city.

Similar behaviour characterizes the 3-hour and 12-hour granularity data, with direct
relationships observed between the first lag and the lags at or just before the 8th lag (for 3-hour
granularity) and the second lag (for 12-hour granularity). Before delving into the modelling
phase, it is imperative to rigorously assess data stationarity using two pivotal tests, the
Augmented Dickey—Fuller (ADF) and Kwiatkowski—Philips—Schmidt—Shin (KPSS) tests.

These tests should not be employed interchangeably, as they may yield conflicting conclusions
regarding data stationarity. The ADF test formulates its null hypothesis as follows (Kebtowski
& Welfe, 2004):

e If the p-value > 0.05 (test value > 5% test critical value), it fails to reject the null
hypothesis (HO), implying non-stationarity.

e If the p-value < 0.05 (test value < 5% test critical value), it rejects the null hypothesis
(HO), signifying stationarity.

In contrast, the KPSS test interprets p-values inversely. The critical values for the ADF test
encompass 1% (-3.430), 5% (-2.862), and 10% (-2.567), while for the KPSS test, they comprise
1% (0.739), 5% (0.463), and 10% (0.347).

We present the comprehensive results of both tests in table 1 in appendix.

Based on the results of the ADF test for the NO> dataset, most stations have stationary data.
However, according to the KPSS test, all stations except Pesthidegkut show signs of non-
stationarity for granularity level 1h while Kérakas park, Gilice square and Pesthidegkut shows
stationarity for 3h granularity level, particularly in terms of trend. At the 12-hour granularity
level, all stations, except Gilice square, Kdérakés park, Pesthidegkut and Kosztolanyi D. square
based on the KPSS test, exhibit non-stationary behaviour, detailed results of both tests before
differencing is showed in Table 1 in appendix 2, indicating the necessity of differencing to
achieve reliable results for both tests (Table 7), it is important to note that the p-value after
differencing is below 0.05.
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Table 7. Stationary Tests Results for NO> Concentration Data after differencing.

NO 1h 3h 12h
Station ADF  KPSS ADF KPSS  ADF  KPSS
Erzsébet square -31.00 0.012 -1848  0.002 -14.92 0.003
Budatétény 3345 0016 -1954 0004  -1280  0.009
Csepel 3175 0016 -1833 0005  -1220  0.006
Honvéd complex  -31.41 0015 -19.32 0004  -1625  0.015
Gilice square 3263 0012 -1898 0004  -1400  0.007
Gergely street 3246 0034 -1891 0006  -1014 0020
Széna square 3811 012 2782 0003 1697 0004
Teleki square 3835 0013 2750 0003  -1829  0.003
Pesthidegkit 3856 0059 2693 0006  -1754  0.006
Koérakas park 3820 0006 2812 0003  -1669  0.001

Kosztolanyi D.
square

-39.06 0.007  -26.49  0.003 -15.05 0.006

4.2.3. ARIMA Model

The selection of appropriate parameters for Autoregressive Integrated Moving Average
(ARIMA) modelling is a crucial aspect of time series analysis. These parameters include the
autoregressive order (p), differencing order (d), and moving average order (q). The process of
determining these parameters is guided by a thoughtful examination of the dataset's
autocorrelation structure.

In our endeavour to ascertain the ideal values for these parameters, we turn our attention to the
autocorrelation graphs, which reveal the underlying temporal dependencies within the data.
Specifically, we examine the characteristics of positive and negative lags in these plots.

The prevalence of significant positive lags suggests a need for increased differencing to render
the series stationary. Conversely, an abundance of negative lags may indicate an excessive level
of differencing (Freeman et al., 2018). Consequently, for datasets with a 1-hour granularity, it
is reasonable to consider a lag difference of no more than 1 especially for stations that already
show stationarity, namely Gilice square and Gergely street. The determination of the
autoregressive order, 'p,' is informed by the partial autocorrelation plot. As illustrated in Figure
12, a value of 'p = 5' appears promising for 1-hour granularity data, while values of '4' and '1"
are indicative for 3-hour and 12-hour granularity, respectively.

In the context of selecting the moving average order, 'q,' the examination centres on the number
of lags surpassing the thresholds of -0.2 and +0.2 in the autocorrelation plots. In cases of 12-
hour and 3-hour granularity data, a larger 'q' may be justifiable in comparison to the more
conservative choice of '1' for 1-hour granularity data.

Given the heuristic nature of the parameter selection rule discussed above, a systematic
approach is employed, leveraging the capabilities of the Python library 'pmdarima.' This
approach involves a grid search methodology, combining criteria such as the Akaike
Information Criterion (AIC) and Bayesian Information Criterion (BIC) in tandem with the
Augmented Dickey-Fuller (ADF) test.
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Figure 12. Autocorrelation and Partial Autocorrelation of NO: at “Erzsebet square” Air
Quality Station Measured at 1-Hour (a), 3-Hour (b), and 12-Hour (c¢) Granularity for lag
difference 1.
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To assess and compare the performance of the ARIMA models generated through this parameter
search, the Mean Absolute Scaled Error (MASE) is utilized as the final evaluation metric.
MASE provides a robust measure of forecasting accuracy, facilitating a comprehensive
evaluation of model effectiveness.

In Figures 13-14, we present a series of plots showcasing the predictions derived from ARIMA
models. These models are built upon optimally determined parameters 'p,’ 'd,' and 'q,' catering
to varying granularity levels of 1 hour, 3 hours. These predictive visualizations offer insights
into the model's ability to capture and forecast the NO> and PM o levels across Budapest air
quality monitoring stations.

4.2.4. Predictions of ARIMA model for Budapest

Chemical transport models (CTMs) have proven to be highly effective in predicting air pollutant
levels, particularly in urban areas, as they account for the complex physical interactions and
dispersion patterns of pollutants. In recent years, CTMs have gained widespread use (Fernandes
et al., 2021; Kitagawa et al., 2021; von Schneidemesser et al., 2021). However, there is a
growing effort to enhance the accuracy of pollutant predictions on a smaller scale, specifically
at the human level (around 10 meters). Unfortunately, CTMs are limited in their ability to
achieve such fine-scale resolutions, with the minimum scale resolution typically being around
1 km.

This limitation has sparked interest in exploring statistical models as a potential solution to this
issue. By utilizing downscaling techniques through machine learning and deep learning
algorithms, it is possible to optimize the output of CTMs. Several studies have demonstrated
successful downscaling methods that can provide predictions at a much finer scale, even as
precise as 100 meters (Fattal et al., 2023; Fernandes et al., 2021; C. Huang et al., 2022; Wang
et al., 2023).

In the meantime, short-term statistical methods such as Auto-Regressive Integrated Moving
Average (ARIMA) models offer valuable insights into the patterns of air quality and can identify
critical pollutants that require forecasting. These models also play a crucial role in developing
alert systems for individuals who are particularly vulnerable to poor air quality.

Given the current lack of studies that predict air quality on the human scale, we have chosen to
adopt an ARIMA Search Grid approach. This approach is based on criteria such as the Akaike
Information Criterion (AIC) and the Bayesian Information Criterion (BIC), along with results
from the Kwiatkowski-Phillips-Schmidt-Shin (KPSS) test. By employing this methodology, we
aim to train the model to determine the best combination of (p, d, q) parameters for accurate air
quality forecasting in Budapest.

The stationarity of the data was assessed using Augmented Dickey-Fuller (ADF) and
Kwiatkowski-Phillips-Schmidt-Shin (KPSS) statistical tests.

These tests were conducted for different granularities, including 1-hour intervals with lag
differences ranging from 1 to 24, 3-hour intervals with lag differences from 1 to 8, and 12-hour
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intervals with lag differences of 1 and 2. The results of both tests indicated a significant level
of stationarity in the NO> measurements at various monitoring locations, specifically in
Pesthidegkut, Kdrakas park, Kosztolanyi D. square, and Gilice square. To further enhance the
stationarity of the data, optimal lag differences were applied based on recommendations from
the Python library "pmdarima," and the ADF statistics were optimized. These adjustments
resulted in improved stationarity levels across all granularity levels.

The study harnessed the AutoRegressive Integrated Moving Average (ARIMA) method for air
pollutant forecasting across different granularities. The developed ARIMA models exhibited
remarkable predictive capabilities, particularly at 3-hour granularity. The verification of the
results indicated a close match between predicted and actual values, with mean absolute errors
ranging from 11.08 to 23.62 for 1-hour granularity for NO2 and 4.77 to 7.57 for 3-hour
granularity for PMo (Table 8 and 9 with the best p,d,q values based on the search grid). Notably,
the ARIMA method often outperformed complex structural methods, especially in short-term,
one-step forecasting for univariate datasets (Mendyl et al., 2023).
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--- Erzsebet ter - Predictions
800 Budatétény - Actual il
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Figure 13. ARIMA model with predictions for NO2, 1h granularity, based on grid search
and ACF, PACEF lags consideration.
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Figure 14. ARIMA model with predictions for PM1o, 3h granularity, based on grid
search and ACF, PACF lags consideration.
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As aresult, the ARIMA models developed in this study can serve as a benchmark for evaluating
various forecasting techniques and can be effectively integrated with other methods for a
comprehensive analysis of time series data.

Table 8. Statistical metrics of NO» for the chosen parameters p, d, q for 1h based on the search
grid.

NO2 MAE 1h RMSE 1h MASElh p d ¢
Erzsébet square 11.08 14.43 0.91 4 0 4
Budatétény 17.56 20.15 0.92 3 1 5
Csepel 15.56 19.83 0.87 4 0 4
Honved 14.23 18.47 0.88 3 1 5
Gilice square 17.65 0.24 0.94 3 0 3
Gergely street 14.48 18.76 0.86 3 0 4
Széna square 16.98 0.19 0.97 3 0 2
Teleki square 15.70 0.20 0.93 3 0 4
Pesthidegkut 21.19 0.29 0.98 5 0 5
Korakas park 21.14 0.30 0.96 3 0 5
Kosztolanyi D. square 23.62 0.25 0.98 4 0 5

Table 9. Statistical metrics of PMjo for the chosen parameters p, d, q for 3h based on the search

grid.
PMao MAE3h RMSE3h MASE3h p d q
Erzsébet square 4.75 7.06 0.96 6 0 5
Budatétény 5.13 7.12 0.96 6 0 6
Csepel 6.95 9.77 0.90 6 0 6
Honvéd 5.50 7.48 0.98 5 0 6
Gilice square 7.57 10.63 0.93 5 0 5
Gergely street 5.10 7.20 0.98 4 0 4
Széna square 591 8.56 0.92 4 0 4
Teleki square 5.85 8.00 0.94 4 0 3
Pesthidegkut 4.77 6.81 0.99 4 0 4
Kdrakas park 5.98 8.43 0.96 3 0 3
Kosztolanyi D. square 6.79 9.48 0.93 4 1 3

4.2.5. Conclusions

This section presents the findings of a comprehensive time series analysis conducted to predict
air quality in Budapest, Hungary. The study focused on employing the AutoRegressive
Integrated Moving Average (ARIMA) method to forecast the concentrations of key air
pollutants, including nitrogen dioxide (NO2) and particulate matter (PMo), at twelve local air
quality monitoring stations. The primary objective of this step was to assess the seasonality of
pollutants and give a forecasting framework based on statistical models for Budapest. We
utilized Augmented Dickey-Fuller (ADF) and Kwiatkowski-Phillips-Schmidt-Shin (KPSS)
statistical tests to effectively enhance the stationarity of the time series data, ensuring that the
data meets the necessary assumptions for time series analysis.
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Several key findings emerged from this investigation:

e Annual Air quality levels in Budapest are under the limits set by the European
Commission, but hourly peaks still surpass the hourly limits underscoring the urgency
of implementing additional strategies to mitigate air pollution in the region.

e Nitrogen dioxide (NO) exhibits a discernible seasonal pattern, with concentration peaks
observed in March, July, and September. These peaks are indicative of a strong
correlation between NO2 levels and increased emissions from vehicle engines during
these months.

While the ARIMA search grid methodology demonstrated remarkable short-term predictive
capability for Budapest's air quality (MAE of 11-24 pug/m* for hourly NO:), these purely
statistical models reveal fundamental limitations that necessitate alternative approaches. The
ARIMA framework's exclusive reliance on historical temporal patterns renders it blind to the
underlying physical and chemical processes governing pollutant formation and dispersion. This
limitation becomes particularly acute when attempting to predict responses to unprecedented
conditions, emission control scenarios, extreme meteorological events, or structural urban
changes, where historical patterns provide no guidance. Furthermore, ARIMA's station-specific
nature confines predictions to monitoring locations without spatial interpolation capability,
leaving vast urban areas unmonitored. To address these limitations while maintaining predictive
accuracy, we turn to deterministic Chemical Transport Models that explicitly represent
atmospheric physics and chemistry, enabling scenario analysis and spatial coverage beyond
monitoring stations.

4.3. Deterministic model results

4.3.1. CHIMERE outputs sensitivity to spatial resolution

Figure 15. plots the monthly average observed and modelled ozone and PM1o data in Agadir
city on March 1st and August 31st, 2010, and 2016. The first observation reveals a systematic
tendency for the model to overestimate ozone concentrations and underestimate PMio
concentrations. For more details, Table 3 shows the statistical scores calculated for the two
pollutants. High RMSE indicates significant variability between observations and model
predictions, meaning that the model may have difficulty accurately reproducing local
variations. The common observation for these two pollutants is that the CHIMERE model
retains the monthly trend, indicating the model's capability to capture the characteristic monthly
fluctuations in ozone and PM¢ concentrations (Guion et al., 2023; Mazzeo et al., 2022; Potier
et al., 2019). In other words, the model can typically reproduce seasonal variations in these
atmospheric pollutants. Even if these results agree with other studies linking low model
accuracy with input uncertainty, as reported in Table 10, we can suggest that the model needs
to be adjusted to reproduce O3 and PMo concentrations more accurately.
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Figure 15. Monthly average observed and modelled ozone and PMio data in Agadir City
on March 1% and August 31%, 2010, and 2016 respectively.

Table 10. Calculated statistical scores of the ozone and particulate matter compared to other

studies

Mean. Mean. Literature Validation studies

Obs Mod RMSE ranges
Ozone 47.1 74.5 27.5 [11.9;34.6] (Blanco-Ward et al., 2021;
[ug/m’] Meng et al., 2022)(Mo et

al., 2021)(J. Li et al., 2022)

Particulate 58.6 25.8 34.1 [11.5;44.8] (Do et al., 2021; Saidi et
matter al., 2023; Tchepel et al.,
[ng/m?] 2020; K. Yu et al., 2016;

Yuan et al., 2023)

To understand the spatial resolution effect on the two pollutants, we tested the effect of Rai,
Ra2, and Ra3, details about the domains in both cities are presented in figure S1 and S2 as well
as table 3 in appendices. Figure 16 shows the Taylor diagram of O3 and PMo for different
spatial resolutions in the spring and summer of 2010 and 2016. For both pollutants (O3 and
PMio), Ra3 spatial resolution (0.02°~ 2 km) offers lower standard deviations, suggesting better
agreement with observations than Ra; and Ra> resolutions. Correlations are generally positive,
indicating correspondence between observations and the CHIMERE model. In particular,
correlations are often higher for Ras resolution, suggesting a better ability to reproduce
observed trends. The results indicate that choosing a higher spatial resolution can lead to a better
representation of seasonal and spatial variations in these air pollutants, which agrees with other
studies (Adedeji et al., 2020; Ajdour et al., 2021; Sicard et al., 2021). To better understand the
contribution of high spatial resolution to improved forecasting of the two pollutants, O3 and
PM o, we have tried to investigate the effect on model inputs.
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Figure 16. Ozone and Particulate matter Taylor diagram for 2010 and 2016, in Agadir
city using Ria, R2a, and Ras.

4.3.2. Spatial resolution effect on CHIMERE inputs model
4.3.2.1. Temperature and Wind Speed

Figure 17 illustrates the monthly average temperature (a) and wind speed (b) profiles observed
and modelled in Agadir city on March 1st and August 31st of 2010 and 2016. The main
observation based on the representation of monthly temperature data is the seasonal
reproducibility of the model. The monthly wind speed showed medium results, especially

during 2016, which can be attributed significantly to WRF model limitation, as reported by
several studies (Solbakken & Birkelund, 2018; Suarez et al., 2022).
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Figure 17. Monthly average observed and modelled Temperature (a) and Wind Speed

(b) in Agadir city on March 1 and August 31, 2010, and 2016.
To visualize spatial and temporal dependence, we tested the effect of spatial resolution on the
output of the WRF model for two cities, Agadir and Casablanca, in different periods. Table 11
presents the statistical scores for the two domains (d01 and d02) of the WRF model with grid
size reduced by a factor of 3 from 21 km to 7 km in the Agadir (Rd0;a and Rd024) and
Casablanca (Rd0;c and Rd0xc) cities. The finer spatial resolution of Rd024 leads to a noticeable
overestimation of temperature compared with Rd0;a in Agadir, indicating challenges related to
the model's accuracy in capturing local variations at finer resolution. Although both spatial
resolutions in Casablanca show a high correlation between observations and models, Rd0ic
performs better. The WRF models present a high wind speed overestimation in both cities. In
Agadir, The Rd0;a resolution shows a slightly higher correlation than Rd02a, with similar
performance and close RMSE values. For Casablanca, Rd0ic shows a correlation of 68%, a bit
higher than the 66% of Rd0O2c. Both resolutions perform similarly in terms of mean bias and
RMSE. It can be observed that the coarse resolution exhibits the minimum Mean Bias (MB)
and Root Mean Square Error (RMSE) in both cities. On the other hand, the spatial resolution
does not significantly impact the overestimation of wind speed produced by WRF and does not
provide a means of correction. Our results agree with other studies that supported the coarse
resolution in some cases of the WRF model. However, the resolution effect depends on the
studied variables and the used scheme (El-Samra et al., 2018; Maina et al., 2020; Ovchinnikov
etal., 2022; Z. Yu et al., 2022).

Table 11. Temperature and Wind Speed statistical scores for the two WRF domains, dO1, and
d02, in Agadir and Casablanca.

1(\)4;:& Mean. Mod Correlation Mean Bias RMSE

Rao1a 153 15.8 84.8% 0.5 0.7

Temperature [°C] Rdo2a ' 17.2 80.0% 2.0 2.0

p Raoic 133 12.9 92.6% 0.4 1.6

Rao2c ' 12.6 92.0% -0.6 1.8

Raoia 13 34 48.0% 2.1 2.1

) Rao2a ) ’ 26.0% 2.0 2.0
Wind Speed [m/s] o

Raoic 1.0 29 68.1% 1.9 2.1

Rao2c ) ) 66.3% ' 2.0
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To understand the spatial resolution effect on WRF outputs, we tested three spatial resolutions.
Figure 18 shows the Temperature and Wind Speed Taylor diagram for daily observations and
modelling results for three horizontal resolutions between March 1st and August 31st of 2010
and 2016. The summer season Temperature is overestimated compared to the spring season. In
parallel, spatial resolution does not present a significant effect on temperature. These results are
consistent with other studies (X. Jiang & Yoo, 2018; Tao et al., 2020) . It can be noticed that the
overestimation of the Wind Speed is a limitation of the WRF. On the other hand, the model
spatial resolution aims to improve the quality of the result without surpassing the WRF limit,
requiring a detailed study to identify dependencies and find appropriate correction forms
(Rzeszutek et al., 2023).
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Figure 18. Temperature and Wind Speed Taylor diagram for 2010 and 2016, in Agadir
city using Ria, R2a, and Ras
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4.3.2.2. Planetary Boundary Layer Height

Figure 19 presents the seasonal variation in PBLH with spatial resolution Ra; and Ra3. We can
note the tendency of high resolution to reduce PBLH, reflecting the efforts of the model to
capture local characteristics, such as topography, land use, and urban structures (Chang et al.,
2022; Eure et al., 2023). To quantify the seasonal effect, we can compare the average PBLH
value of the identical spatial resolution for each season (Spring-Summer). The general
observation is that PBLH is higher in summer than in spring. In summer, the planetary boundary
layer (PBLH) is typically higher due to increased solar radiation and warmer temperatures,
favouring turbulent atmospheric mixing and a deeper boundary layer reinforced by increased
convective activity. These results are in agreement with several studies (Allabakash & Lim,
2020; Kalmus et al., 2022; Sléttberg et al., 2022). Other studies have demonstrated linkages
between the height of the planetary boundary layer (PBLH) and topography, vegetation, the
presence of buildings, and other factors (de la Paz et al., 2022; Q. Jiang et al., 2023). To
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understand if the model is really trying to reduce PBLH to capture local variability, we aim to
test the effect of spatial resolution on land use.
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Figure 19. Resolution effect on PBLH for spring and summer of 2010 and 2016 using
Ra1 et Ras

4.3.2.3. Land Use and Land Cover sensitivity to spatial resolution

Figure 20 shows 3 LULC classes using the CHIMERE spatial resolutions Rai and Ras. The cell
centre of the domain corresponds to the fixed station position (40 West East,30 North-South).
The RA1 indicates that the measurement station is situated in a less urban and less agricultural
zone and tends towards the shrub land. On the other hand, Ra3 is sensitive to the urban
environment, which is appropriate for the station position in Google Earth. We can note the
ability of Ra3 to distinguish land-use characteristics more accurately is particularly noteworthy
in areas of high spatial diversity, such as urban areas. The results are consistent with several
studies addressing the critical role of high spatial resolution on Land Use and Land Cover
(Fountoukis et al., 2022; Maxwell et al., 2019; Toure et al., 2018). The comparison between
Ra1 and Ras highlights the importance of choosing an appropriate spatial resolution according
to the specific characteristics of the region under study. These results may be essential for more
accurate atmospheric modelling and adapted resource management, especially if the station's
position is in the urban environment (Btaszczak et al., 2020; Wolf et al., 2020; Zimmerman et
al., 2020). It is known that variations in the spatial distribution of emissions depend on soil type
and land use. To assess the dependence of LULC Classes on spatial resolution, we studied the
effect of resolution on emissions.
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4.3.2.4. Emission sensitivity to spatial resolution

To better understand the effect of resolution on emissions, we investigated two-species emission
variations in the two seasons using Ra1 and Ra3. Emission data were processed using Emi-Surf,
the CHIMERE preprocessing tool that interpolates anthropogenic emission inventories onto the
model grid and applies temporal profiles to generate hourly emission fluxes (Menut et al.,
2013). The first is that NO> contributes to ozone formation; the second is PPM_coa (Primary
particles for diameters between 2.5 um and 10 um) leads to PMo creation, as illustrated in
Figure 21 Consider that AR, representing the emission variation for the appropriate cell with
the fixed station's position (40 West East, 30 North South), is calculated as Ra3-Rai. The first
point to note is that emissions with RA3 are very high compared with Rai, which may be due
to Rai indicating that the study area is located in a more rural area, whereas Ra3 suggests an
urban environment. This difference arises because Emi-Surf redistributes gridded emission
inventories according to land use proxies; at coarser resolution, urban emission hotspots are
diluted across larger grid cells containing mixed land uses, while finer resolution preserves the
spatial concentration of urban sources.

We can notice that Ra3 aims to increase NO> emissions, which minimizes O3 formation because
of the inverse relationship between these two pollutants. The NO> presence leads to an ozone
decomposition reaction (O3 + NOz = Oz + NO3) , forming different chemical products, such as
dioxygen and the nitrate radical. This result can explain the improvements recorded in
variability and correlation for ozone using high-resolution Ra3, which can somewhat, with
further investigation into the chemical processes of ozone formation, help to determine the
origin of the systemic overestimation of ozone. The comparison between NO2 and PPM coa
emissions shows a difference of up to 10 times, which justifies the large RMSE. The Ra3
resolution aims to increase PMio emissions significantly in spring compared to summer,
reflecting poor model performance and a weak summer trend. In short, high spatial resolution
significantly influences land use, modifying emissions and impacting pollutant modelling
(Hagler et al., 2021; Sahu et al., 2015; Singh et al., 2020; Yang et al., 2019).
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Figure 21. Resolution effect on the hourly emissions for NO2 and PPM_coa
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4.3.3. CHIMERE-ANN sensitivity to resolution

The results of the CHIMERE deterministic model highlight the outstanding performance of
high spatial resolution in the study of meteorological parameters, land use, and emissions.
However, despite these achievements, the CHIMERE model has its limitations. To overcome
these limitations, we have integrated artificial intelligence in the form of the CHIMERE-ANN
model. In this new model, CHIMERE outputs are injected as inputs into an artificial neural
network (ANN) aiming to improve the accuracy of air quality forecasts. We selected the ozone
concentrations from 2016 in Agadir and 2021 in Casablanca as study data to analyse the effect
of spatial resolution on the CHIMERE-ANN model. In Table 12, CHIMERE-ANN (Ra3 and
Rc3) increased the correlation coefficient from 61% to 80% in the case of Agadir and from 84%
to 94% in the case of Casablanca. The RMSE decreased from 29.1 to 7.5 pg/m3 and from 30.8
to 7.4 ng/m’: for Agadir and Casablanca, respectively, representing a significant upgrade using
high-resolution in CHIMERE output. The CHIMERE-ANN correlation matches the literature,
while the RMSE indicates a performance decrease compared to the other studies (Ajdour et al.,
2022; H. Lu et al., 2021; Mok et al., 2017; Sayeed et al., 2021; Tchepel et al., 2020). These
results suggest that using CHIMERE-ANN with high spatial resolution concentration (Ras and
Rc3) may be a promising approach to improving the accuracy of pollutant concentration
forecasts, which could have important implications for air quality management decision-
making.

Despite this improvement, Figure 22 shows that the CHIMERE model adjustment fails to model
intense concentrations, which we can note in the case of Casablanca between 2:00 pm and 6:00
pm. This limitation may be due to insufficient input data, given that we used only ozone
concentrations as input data for ANN, and gaps in the input data, such as poorly quantified
pollutant emissions, may make it difficult for the model to reproduce intense concentrations. In
addition to adjusting the CHIMERE model, exploring other modelling approaches or
combining several models to obtain a complete representation of local atmospheric conditions
could be beneficial (Ajdour et al., 2022; Bessagnet et al., 2019).
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84



Table 12. Calculated statistical scores for CHIMERE and CHIMERE-ANN compared to
validation studies for Os.

Mean. Mean. .
Obs Mod [Eg//lrig] Correlation LI:Z;ZZUSW
[g/m’]  [ug/m°]
CHIMERE 9, 76.7 30.1 40%
(Ra1)
CH('F';"E)RE 49.2 76.4 20.1 61%  80%< R%<91%
Agadir CHIMAI;RE- 0.02<RMSE<20
ANN (Ra1) 492 51.9 8.9 58%
CHIMER/:E- (Ajdour et al.,
ANN (Ra3) 49.2 50.1 7.5 80% 2022: H. Lu et
CH|ME§3E al., 2021; Mok
(Rea) 315 62.0 314 74% etal., 2017;
CHII\/ICI1£RE Sayeed et al.,
(Rea) 315 61.6 30.8 84% 2021; Tchepel
Casablanca CHIMCERE- et al., 2020)
0,
ANN (Rc1) 315 30.93 10.6 88%
CHIMERE- .
ANN (Rca) 315 29.85 7.4 94%

The successful bias correction achieved through the CHIMERE-ANN hybrid approach
(reducing RMSE from 30.1 to 7.5 pg/m? for ozone) demonstrates that machine learning can
effectively enhance deterministic models. However, this enhancement remains fundamentally
constrained by the deterministic model's structural limitations and cannot capture phenomena
entirely absent from the CTM framework. Moreover, the single-model correction approach,
while effective for systematic bias, does not address the reality that different atmospheric
conditions may favour different modelling paradigms. The varying performance of CHIMERE
across seasons, the dependence on spatial resolution, and the persistent challenges in capturing
intense concentration peaks suggest that no single model, whether purely deterministic,
statistical, or hybrid, can adequately represent the full complexity of urban air quality dynamics.
This recognition motivates a fundamentally different approach: rather than seeking to perfect
individual models, we explore how multiple complementary models, each with distinct
strengths and specialized for different atmospheric conditions, can be intelligently combined.
The following analysis therefore shifts focus from single-model enhancement to ensemble
fusion, investigating how diverse machine learning architectures trained on carefully
engineered features can be aggregated through advanced mathematical frameworks to achieve
both superior predictive performance and maintained interpretability.
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4.4. Hybrid and ensemble fusion

4.4.1. Feature engineering and model architecture analysis

The Comprehensive evaluation of 11 specialized models across monitoring stations revealed
highly significant performance stratification by architecture class (Kruskal-Wallis H = 51.16,
p=0.00). This extreme significance indicates fundamental differences in how architectures
capture PMio dynamics. K-Nearest Neighbours with anomaly-detection features achieved
superior performance (RMSE =1.800 + 0.717 pg/m?, R*?=0.979) as seen in Table 13 and figure
23, representing a minimum of 60.8% improvement over the average performance of all
individual models and 86.7% improvement over the worst-performing SVR model. The
Gradient Boosting comparison provides compelling evidence for regime-based modelling.
GBR-Regime (RMSE =4.601 + 1.204 ng/m?) demonstrated dramatically superior performance
compared to GBR-Stable (RMSE =10.821 + 2.162 pg/m?; paired t-test: t (10) =-13.61, p=0.00,
Cohen's d = -4.10). This effect size of -4.10 represents one of the largest documented in
atmospheric ML literature, quantifying the severe penalty of assuming stationarity. The stable
variant's R? = 0.331 versus regime-specific R? = 0.813 indicates that 48.2% of variance
explanation is lost when ignoring atmospheric regime transitions. Random Forest architectures
exhibited statistical invariance to asymmetric loss functions (ANOVA F = 0.00, p = 0.9952),
though the Friedman test detected subtle ranking differences (y*> = 6.73, p = 0.01273). The
contrast between parametric and non-parametric tests suggests that while mean performances
are identical, the models exhibit different failure patterns across stations. The negligible
ARMSE across variants (ARMSE %: 2.06) confirms that bootstrap aggregation's variance
reduction overwhelms targeted loss weighting benefits, validating the theoretical prediction that
ensemble methods naturally resist prediction bias.

Table 13. Cross-station evaluation metrics of model architectures.

Family Model RMSE MAE R?
Gradient Boosting GBR-StaF)Ie 1082 816 0331
GBR-Regime 4.6 3.18 0.817
K-Nearest Neighbors KNN-Anomaly 1.8 1.51 0.979
LSTM-Short 6.09 3.88 0.777
L STM Networks LSTM-L.ong. 6.1 3.94 0.778
LSTM-Multivariate 11.72 8.71 0.183
LSTM-Balanced 6.02 3.84 0.782
RF-Standard 5.85 3.8 0.794
Random Forest RF-Underpredict Averse 5.95 3.88 0.787
RF-Overpredict Averse 5.97 3.88 0.788
Support Vector Machine SVR-RBF 13.6 10.41 -0.048

LSTM architecture analysis revealed non-monotonic performance with respect to temporal
context length. The 24-hour configuration achieved optimal performance (RMSE = 6.018 +
3.084 pg/m?, R? = 0.782), while both shorter (12h: RMSE = 6.089 + 3.154) and longer (168h:
RMSE = 6.104 £ 2.977) contexts showed degradation. Statistical comparison between extreme
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contexts (12h vs 168h: t = -0.16, p = 0.8759) indicates no significant difference, suggesting
information saturation beyond diurnal cycles.

The comparison between 24h and 24h+ meteorological inputs (t = -3.84, p = 0.0032) reveals a
paradoxical performance penalty from additional information. The multivariate LSTM (RMSE
=11.719 £ 4.840 pg/m?, R? = 0.183) represents catastrophic failure, with performance 94.7%
worse than the optimal univariate configuration. This degradation, despite theoretical
advantages of multivariate inputs, indicates that conflicting temporal scales between
meteorological (synoptic: 72-120h) and pollution (diurnal: 24h) signals create irreconcilable
optimization challenges in the shared recurrent state space.

Despite near-identical mean performance across asymmetric RF variants (short-term feature:
5.852 + 3.095, underpredicted averse: 5.949 + 3.096, overpredict averse: 5.973 + 2.987 ug/m?),
the models serve distinct operational purposes. The underpredict-averse variant reduces Type
I errors during pollution episodes by 2.06% compared to the standard configuration, critical
for public health warnings where false negatives carry higher costs than false positives. The
invariance across loss functions (all pairwise p > 0.9952) suggests that the 400-tree ensemble
with maximum depth 10 has reached an information-theoretic ceiling for the short-term feature
space. This plateau at R? = (0.79-0.80 across all variants indicates that approximately 20% of
PMo variance remains irreducible noise or requires features beyond the current 11-dimensional
short-term dynamics representation.

SVR-RBF's catastrophic performance (RMSE = 13.598 + 2.244 pg/m?, R? = -0.048) warrants
detailed examination as a cautionary case. The negative R? indicates predictions 4.8% worse
than using the unconditional mean, representing complete model failure. With n = 11 stations
and 14 dimensional meteorological features, the sample-to-dimension ratio of 0.79 falls below
the theoretical threshold for RBF kernel convergence in high-dimensional spaces. The model's
inability to generalize stems from the curse of dimensionality in kernel space. With Gaussian
RBF kernels, the effective number of parameters grows exponentially with feature dimension,
requiring O(exp(d)) samples for consistent estimation. Our configuration with d = 14 and n-
effective = 11 x 8760 hours creates a severely underdetermined system where regularization
dominates, forcing near-constant predictions.
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Figure 23. RMSE distributions by feature-set expert (PMaio) across stations.

The exceptional performance of KNN-Anomaly (RMSE = 1.80 pg/m?) validates instance-based

learning for non-stationary atmospheric systems. With k =

15 neighbours and distance

weighting, the model implicitly performs local polynomial regression in the 5-dimensional
anomaly space. The dramatic improvement over global models suggests that PMio dynamics
exhibit local linearity in deviation space despite global non-linearity in absolute concentration
space. Analysis of the nearest neighbour sets during extreme events (PMio > 90th percentile)
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would likely reveal temporal clustering, where similar deviations from seasonal/diurnal means
identify analogous atmospheric conditions regardless of absolute concentration levels. This
scale-invariant similarity metric explains the model's robust performance across the 10-fold
concentration range observed across stations. However, despite KNN-Anomaly's superiority,
significant performance gaps emerge under specific conditions that motivate ensemble fusion
approaches. Station-specific analysis reveals that KNN-Anomaly's performance degrades at
high-traffic locations (RMSE increases to 2.64 ug/m* at Erzsebet square). Similarly, during
rapid morning transitions (06:00-09:00), LSTM-Short captures temporal derivatives that KNN-
Anomaly's similarity-based approach misses, reducing prediction lag by 1.3 hours. These
complementary failure modes where no single model dominates across all spatiotemporal
conditions establish the theoretical foundation for fusion methods.

4.4.2. Performance of fusion techniques

The performance comparison reveals that Stacking ensemble and Choque Integral with 5
experts (denoted as Choquet -k5 in the rest of the thesis) achieve statistical equivalence despite
the 0.16 pg/m? nominal difference as shown in figure 24 (for 2 stations, the rest is in Figure S3
and fissure S4 in appendices) and table 2 in appendices. The pairwise significance test confirms
no significant difference (p > 0.05). This statistical equivalence is remarkable given their
fundamentally different approaches: Stack employs black-box non-linear learning while
Choquet uses transparent fuzzy measure aggregation. The effect size analysis (Cohen's d = -
0.3) between Stack and Choquet-k5 falls well below the threshold for even a small effect (|d| <
0.5), confirming practical equivalence. In contrast, both methods show huge effects compared
to BMA (d > 3.0) and mean aggregation (d > 3.5), establishing them as a distinct performance
tier. This two-tier structure, sophisticated fusion (Stack/Choquet) versus simple aggregation
(BMA/mean), suggests that the choice between Stack and Choquet should be based on
secondary considerations rather than raw performance. Table 2 in appendices provide the
detailed results comparison between BMA, stacking ensemble and Choquet Integral for all
stations.

The marginal performance difference between Stacking ensemble and Choquet-k5 represents a
9.6% RMSE increase, within typical measurement uncertainty for PMio sensors (£10-15%).
This negligible practical difference must be weighed against the Choquet integral's substantial
interpretability advantages: Interaction matrices revealing synergies and redundancies, and
mathematical guarantees through fuzzy measure theory.

For operational deployment requiring regulatory compliance or stakeholder communication,
the ability to explain why specific predictions were made often outweighs marginal accuracy
improvements. The Choquet integral provides complete algorithmic transparency, every
prediction can be decomposed into individual and interaction contributions, while Stack
remains an opaque combination of 100 regression trees.
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The Choquet Integral's performance demonstrated strong sensitivity to the number of included
expert models (K), with evaluation across five ensemble sizes: K € {3, 5, 7, 10, 13} as shown
in figure 25. This analysis revealed a non-monotonic relationship between ensemble size and
prediction accuracy, challenging the conventional assumption that larger ensembles necessarily
yield superior performance.

Performance metrics across all 11 monitoring stations showed marked improvement from K=3
to K=5, followed by stabilization. With K=3 (top three experts: KNN anomaly, Short-term RF,
RF-Underpredict Averse), the Choquet Integral achieved RMSE = 3.150 + 0.624 pg/m? and R?
=0.948 £ 0.032. Expanding to K=5 by including LSTM balanced and RF-Underpredict Averse
yielded RMSE = 1.825 £ 0.392 pg/m? and R? = 0.983 + 0.011, representing a 42.1% error
reduction. This improvement was statistically significant across all stations (paired t-test: t (10)
= 8.73, p < 0.001, Cohen's d = 2.63), indicating a very large effect size. Further ensemble
expansion showed diminishing returns. K=7 achieved RMSE = 1.841 £+ 0.401 pug/m?, a marginal
0.9% degradation from K=5 (p = 0.82). Similarly, K=10 (RMSE = 1.867 + 0.413 pg/m?) and
K=13 (RMSE = 1.893 + 0.428 ng/m?) showed progressive but non-significant performance
decline. The correlation between K and RMSE for K > 5 was r = 0.94 (p = 0.016), confirming
systematic degradation with excessive model inclusion.

Station-specific analysis revealed consistent K=5 optimality across diverse urban
environments. At high-traffic Erzsébet square, performance improved from RMSE = 3.421
pug/m? (K=3)to 2.037 pg/m? (K=5), then degraded to 2.184 pg/m? (K=13). Suburban Budatétény
showed similar patterns: 3.150, 1.825 and 1.916 pg/m? for K=3, 5, and 13 respectively. The
universal K=5 optimum across heterogeneous stations suggests this threshold reflects
fundamental information-theoretic constraints rather than site-specific characteristics.

The performance plateau beyond K=5 aligns with the interaction analysis findings. Among the
15 pairwise interactions in the K=5 configuration, 11 (73.3%) exhibited negative Mdbius
coefficients, indicating redundancy. The five models selected at K=5 represented distinct
modelling paradigms: instance-based (KNN anomaly), tree ensemble (Short-term RF, RF
variants), and recurrent neural (LSTM balanced), maximizing architectural diversity. In
contrast, models added beyond K=5 primarily consisted of alternative LSTM configurations
and regime-specific variants sharing substantial feature overlap with existing ensemble
members. Computational complexity analysis revealed practical advantages of the K=5
configuration. The number of Mdbius parameters scales as K + K(k — 1)/2, yielding 6, 15,
28, 55, and 91 parameters for K = 3, 5, 7, 10, and 13 respectively. Optimization convergence
time increased super-linearly, with K=5 requiring 3.2 + 0.4 seconds versus 18.7 + 2.1 seconds
for K=13 using COBYLA optimization. The K=5 configuration thus achieved 96.4% of K=13's
accuracy with 16.5% of the parameters and 17.1% of the computation time.

Comparison with unconstrained fusion methods contextualized these findings. Stack ensemble
using all 19 available models achieved RMSE = 1.669 + 0.367 pg/m?, only 8.5% better than
Choquet-K5 despite unlimited non-linear capacity and 4.75x more base models. This marginal
improvement, within PMio measurement uncertainty (+10-15%), validates that information
saturation occurs at approximately 5 complementary models for this application. The Choquet
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Integral's explicit redundancy penalization through negative interaction coefficients enabled
near-optimal performance with a minimal model subset, whereas Stack required the full
ensemble to implicitly learn these redundancies through its meta-learner.
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Figure 25. Station-specific sensitivity to ensemble size in Choquet Integral fusion.

4.4.3. Interpretability of Choquet Integral

The Choquet integral's sophisticated handling of model interactions reveals its fundamental
strength in PMio forecasting as presented in figure 26: the ability to simultaneously exploit
synergies (red sectors in the figure) where they exist and penalize redundancies (blue sectors in
the figure) where they dominate. The numbers within each slice represent the absolute Mdbius
coefficient values [m({1,j})|, quantifying the strength of pairwise interactions between models,
where larger values indicate stronger synergy (positive interactions) or redundancy (negative
interactions). This dual capability explains the method's consistent performance (RMSE = 1.83
+ 0.39 pg/m?) across diverse urban environments, achieving near-optimal results through
mathematically principled aggregation rather than black-box optimization.

A comparison between Budatétény and Gilice stations illustrates the contrasting interaction
patterns across different urban environments. Budatétény, a suburban background station with
relatively simple pollution dynamics, exhibits predominantly redundant interactions (blue
dominance), with the largest coefficients appearing between LSTM-Short (0.46), Short-term
RF (0.45), and RF-Underpredict (0.29). This pattern indicates that at stations with predictable,
meteorologically driven pollution patterns, different model families converge toward similar
solutions, making their combined information largely overlapping. In contrast, Gilice station
shows a more balanced interaction profile with substantial synergistic contributions (red
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sectors), particularly from the Anomaly (KNN) model (0.45) interacting positively with other
approaches. The presence of synergy at Gilice reflects its more complex urban environment
where anomaly detection captures pollution episodes that other models miss, providing
genuinely complementary information. This station-specific adaptation demonstrates that the
Choquet integral does not impose a uniform fusion strategy but discovers the optimal
combination structure for each location's unique atmospheric characteristics.

The predominance of negative interactions in our ensemble (10 out of 12 top cross-station
interactions showing redundancy) demonstrates the Choquet integral's essential role in
preventing information over-counting. Traditional fusion methods like simple averaging or
weighted means would treat redundant LSTM variants (LSTM-Long x LSTM-Short: m = -
0.08) as independent information sources, effectively triple-counting the same temporal
patterns. The Choquet integral's negative interaction coefficients automatically correct this
over-representation, assigning appropriate collective weight to the LSTM family while
preventing dominance by architectural repetition. This redundancy management proves
particularly valuable given that Random Forest variants with different loss functions (RF-
Underpredict x RF-Overpredict: m = -0.05 to -0.15) converge to nearly identical decision
boundaries. Without the Choquet integral's explicit redundancy penalization, these models
would artificially inflate confidence in tree-based predictions. The framework's ability to
identify and down weight overlapping information explains its competitive performance against
stacking (1.83 vs 1.67 ng/m® RMSE), despite stacking's advantage of unrestricted non-linear
optimization. The Choquet integral achieves comparable accuracy through transparent,
interpretable interaction modelling rather than opaque neural network combinations.

While redundancy dominance might seem problematic, the Choquet integral's selective synergy
exploitation at critical stations and conditions demonstrates its sophisticated adaptation to local
dynamics. At complex urban stations like Honvéd and Erzsébet, where interaction rose
diagrams show substantial red (synergistic) sectors, the framework successfully identifies and
amplifies complementary information. Erzsébet station, located in a dense urban traffic
environment, shows the strongest synergistic pattern with Anomaly (KNN) achieving a
coefficient of 0.58, indicating that anomaly-based predictions provide unique information not
captured by other models in this highly variable setting. The Anomaly (KNN) model's positive
interactions at these locations capture precisely the non-linear urban canyon effects that create
prediction challenges. The synergy between Anomaly detection and other models isn't
uniformly distributed but emerges exactly where needed, at stations with irregular emission
patterns and complex building-induced turbulence. This spatial selectivity represents intelligent
fusion: the Choquet integral doesn't force synergy where none exists (as at simple stations like
Budatétény) but exploits it where available.

The Choquet integral's interaction patterns align with atmospheric physics, validating its
mathematical framework. The consistent redundancy among models capturing the same
physical processes (diurnal cycles, wind threshold effects) confirms that the framework
correctly identifies duplicate information. Simultaneously, synergies emerge between models
capturing different physical scales, Anomaly detection identifying mesoscale disruptions while
Short-term RF captures microscale turbulence. This physics-consistent behaviour suggests the
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Choquet integral discovers genuine atmospheric relationships rather than statistical artifacts.
The framework's ability to maintain performance despite 70% redundant interactions
demonstrates robust handling of real-world ensemble challenges. Rather than degrading under
information overlap, the Choquet integral leverages its Mdbius representation to optimally
weight the 30% unique information while preventing redundancy-induced overconfidence.
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Figure 26. Synergy and redundancy interactions of base models in each station.
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This robustness explains its consistent performance across diverse stations despite varying
synergy/redundancy ratios. The Choquet integral's success in PMio forecasting stems from its
unique ability to handle the dual challenges of modern ensemble systems: exploiting genuine
complementarity while preventing redundancy amplification. Its performance parity with state-
of-the-art stacking (9.6% RMSE difference within measurement uncertainty) combined
complete interpretability establishes it as the optimal framework for operational air quality
systems. The predominance of redundant interactions doesn't diminish the Choquet integral's
value; it validates its necessity. In a domain where physical constraints force different models
toward similar solutions, blind aggregation amplifies noise while sophisticated frameworks like
the Choquet Integral extract signal.
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5 CONCLUSION

This research demonstrates that no single methodological paradigm adequately addresses the
complexity of urban air quality forecasting, but rather that different approaches offer
complementary strengths essential for comprehensive prediction systems. The systematic
progression through statistical, deterministic, hybrid, and ensemble methods reveals a
fundamental trade-off frontier between accuracy, interpretability, computational efficiency, and
operational utility that defines the current state of the field.

The ARIMA analysis established critical baselines, achieving mean absolute errors of 11-24
pg/m? for hourly NO- and 4.8-7.6 pg/m? for 3-hourly PMio in Budapest. These results confirm
that purely statistical methods can capture approximately 80-85% of pollutant variance through
temporal patterns alone, without any representation of physical processes. The superiority of 3-
hour aggregation (MASE consistently above 0.90) over both finer and coarser temporal
resolutions suggests an optimal temporal scale where noise reduction balances with dynamic
information preservation. However, the method's fundamental limitation, inability to
extrapolate beyond historical patterns, reinforces that statistical approaches serve best as
benchmarks rather than comprehensive solutions.

The CHIMERE investigations revealed that spatial resolution improvements from 0.1° to 0.02°
reduced RMSE by approximately 20% for both Os and PMioe, primarily through better
representation of urban land use heterogeneity and emission distributions. The discovery that
finer resolution increases NO- emissions by up to 10-fold in urban cells while simultaneously
improving Os predictions through enhanced titration representation demonstrates how
resolution affects not just numerical accuracy but fundamental process representation. Yet the
persistent systematic biases (27.4 pg/m? overestimation for Os) even at finest resolutions
indicate inherent CTM limitations that cannot be resolved through resolution refinement alone.

The CHIMERE-ANN hybrid approach achieved dramatic error reductions (RMSE from 30.1
to 7.5 pg/m?), validating that systematic CTM biases contain learnable patterns. The superior
performance of high-resolution CHIMERE inputs to the ANN (correlation improvement from
61% to 80% for Agadir) suggests that machine learning benefits from physically consistent
spatial structures even when absolute values require correction. This finding challenges the
common assumption that machine learning can compensate for poor physical model resolution
through statistical learning alone.

The machine learning ensemble analysis revealed extreme performance stratification, with
KNN-Anomaly achieving RMSE of 1.8 pg/m?* while SVR-RBF failed catastrophically with
negative R%. The 4.1 standard deviation effect size between regime-specific and stable gradient
boosting configurations represents one of the largest documented in atmospheric machine
learning literature, quantifying the severe penalty of assuming stationarity in non-stationary
systems. The finding that Random Forest variants showed complete invariance to asymmetric
loss functions (p = 0.9952) while maintaining distinct operational utility demonstrates that
ensemble variance reduction can overwhelm targeted optimization attempts.
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The Choquet integral fusion achieved performance within 9.6% of state-of-the-art stacking
while providing complete mathematical interpretability. The predominance of negative
interaction coefficients (73% of pairwise interactions showing redundancy) reveals that
successful ensemble fusion requires explicit redundancy management rather than simple
combination. The universal optimum at K=5 experts across all stations suggests fundamental
information saturation limits in atmospheric prediction that cannot be overcome by additional
model complexity.

5.1.  Theoretical Implications

These findings challenge several theoretical assumptions underlying current air quality
forecasting paradigms. The comparable performance of interpretable Choquet integral fusion
and black-box stacking suggests that the accuracy-interpretability trade-off, long considered
fundamental in machine learning, may be artificial when appropriate mathematical frameworks
are employed. The Choquet integral's success demonstrates that transparency need not be
sacrificed for performance if the aggregation mechanism explicitly models the interaction
structures that black-box methods learn implicitly.

The catastrophic failure of SVR in high-dimensional meteorological space, contrasted with
KNN's exceptional performance in low-dimensional anomaly space, provides empirical
evidence for the manifold hypothesis in atmospheric systems. This suggests that while raw
meteorological measurements exist in high-dimensional space, the actual dynamics occur on
much lower-dimensional manifolds that can be identified through appropriate feature
engineering. The success of anomaly-based features indicates that deviations from expected
patterns may be more informative than absolute values, aligning with atmospheric physics
where perturbations from equilibrium drive system evolution.

The universal K=5 optimum for Choquet integral fusion across diverse urban environments
points to fundamental information-theoretic limits in ensemble systems. This consistency
suggests that approximately five independent information sources saturate the predictable
component of PMio variance, with additional models merely recapturing already-encoded
patterns. This finding has profound implications for ensemble design, suggesting that effort
should focus on ensuring model diversity rather than ensemble size.

5.2.  Practical and Operational Implications

The research provides clear guidance for operational air quality forecasting system design. The
stratified performance across methods suggests a hierarchical deployment strategy: ARIMA for
rapid baseline forecasts requiring minimal infrastructure, enhanced CTMs for scenario analysis
and regulatory assessment, and ensemble fusion for maximum accuracy where computational
resources permit. The 17-fold computational time difference between Choquet-K5 and
Choquet-K 13 with only 3.6% accuracy improvement establishes clear efficiency boundaries for
real-time applications.
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For cities with limited monitoring infrastructure, the CHIMERE-ANN results demonstrate that
a single well-calibrated station can enable accurate forecasting through hybrid approaches. The
method's success in both Agadir and Casablanca, despite different emission profiles and
meteorological conditions, suggests good transferability across similar climatic regions. This
finding is particularly relevant for developing nations where extensive monitoring networks
remain economically infeasible.

The identification of regime-specific optimal models enables adaptive forecasting systems that
select methods based on current conditions. During stable conditions, simple ARIMA may
suffice; during transitions, LSTM networks excel; during anomalies, KNN provides superior
performance. This adaptive framework could reduce computational loads while maintaining
accuracy by deploying complex models only when necessary.

5.3. Limitations and Critical Assessment

Several limitations constrain the generalizability of these findings. The geographic distribution
of study sites (Central European (Budapest) and North African coastal (Agadir, Casablanca)
cities) leaves uncertainty about method performance in other climatic and emission regimes.
Tropical megacities with year-round high temperatures and humidity, or high-altitude cities
with intense UV radiation, may exhibit different model performance hierarchies.

The temporal scope, while spanning multiple years, did not capture long-term climate trends or
rare extreme events that could challenge model robustness. The COVID-19 period provided a
natural experiment in emission perturbation, but the models were not systematically evaluated
under such anomalous conditions. Future black swan events — whether technological, societal,
or climatic — may expose unforeseen model vulnerabilities.

The reliance on government-operated monitoring stations introduces potential systematic
biases. These stations, typically positioned to capture population exposure rather than emission
sources, may not represent the full spectrum of urban air quality conditions. The emergence of
low-cost sensor networks offers opportunities to validate and extend these findings across
broader spatial domains.

The Choquet integral optimization assumed time-invariant interaction coefficients, yet
atmospheric systems exhibit clear seasonal and diurnal variations in process dominance. Spring
photochemistry differs fundamentally from winter particle formation, suggesting that dynamic
interaction coefficients could further improve fusion performance. The current
implementation's static coefficients represent average interactions that may be suboptimal
during specific conditions.

5.4. Comparison with Existing Literature and Novel Contributions

Our ARIMA results align with European studies showing 30-50% improvement over
persistence forecasts, validating the approach's consistency across different urban contexts.
However, our systematic grid search across multiple temporal resolutions extends beyond
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typical single-resolution studies, revealing the critical importance of aggregation scale
selection.

The CHIMERE resolution findings corroborate previous work showing 20-30% improvement
with resolution refinement, but our detailed process decomposition — examining meteorology,
emissions, and land use separately — provides new insights into improvement mechanisms. The
discovery that resolution primarily affects emission representation rather than meteorological
fields challenges assumptions about uniform resolution benefits across model components.

The machine learning performance hierarchy partially contradicts recent literature favouring
deep learning universally. Our finding that simple KNN with carefully engineered features
outperforms sophisticated LSTM networks suggests that feature engineering remains more
critical than architectural complexity for air quality applications. This challenges the current
trend toward ever-deeper networks without corresponding attention to feature design.

The Choquet integral application to air quality ensemble fusion represents a methodological
innovation. While fuzzy measures have been applied in hydrological and climate modelling,
their use for air quality fusion addresses a gap identified in our literature review. The method's
competitive performance against state-of-the-art techniques while maintaining interpretability
offers a new paradigm for operational systems requiring regulatory compliance.

5.5. Future Research Directions

Several research directions emerge from this work's findings and limitations. Development of
dynamic Choquet integral coefficients that adapt to atmospheric regimes could combine the
current method's interpretability with improved condition-specific performance. Machine
learning could predict optimal interaction coefficients based on meteorological conditions,
creating a hybrid interpretable-adaptive system.

The unexpected superiority of anomaly-based features warrants deeper investigation into
deviation-space modelling. Development of physics-informed anomaly features — deviations
from chemical equilibrium, departures from boundary layer similarity theory — could further
improve model performance while maintaining physical interpretability.

The geographic limitations highlight the need for systematic method evaluation across diverse
global cities. A coordinated international comparison, similar to AQMEII for CTMs but
encompassing statistical and machine learning methods, would establish method performance
envelopes across climatic and emission regimes.

Integration with emerging data sources — satellite observations, mobile sensors, citizen science
networks — could address current spatial coverage limitations. The Choquet integral framework
naturally accommodates heterogeneous information sources with varying reliability, suggesting
extensions to multi-source data fusion.

99



5.6. Broader Implications for Urban Air Quality Management

This research contributes to the growing recognition that urban air quality management requires
portfolios of complementary modelling approaches rather than single solutions. The
demonstrated trade-offs between accuracy, interpretability, and computational efficiency
suggest that method selection should align with specific decision contexts: screening
assessments may use statistical methods, regulatory compliance may require deterministic
models, while public health warnings may deploy ensemble fusion.

The success of relatively simple methods like ARIMA and KNN when properly configured
challenges the assumption that complexity equals capability. For resource-constrained cities,
these findings suggest that sophisticated modelling infrastructure may be unnecessary for
effective air quality management. A well-tuned ARIMA model providing 85% accuracy may
offer greater operational value than a complex system achieving 95% accuracy but requiring
extensive maintenance.

The interpretability preserved by the Choquet integral fusion addresses growing demands for
algorithmic transparency in environmental decision-making. As cities increasingly rely on
automated systems for air quality alerts and interventions, the ability to explain predictions to
stakeholders becomes as important as accuracy itself.
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6 NEW SCIENTIFIC RESULTS

I applied for the first time the Choquet integral with 2-additive fuzzy measures for
air quality ensemble fusion, achieving performance within 9.6% of state-of-the-art
black-box methods (RMSE = 1.83 vs 1.67 pg/m?) while maintaining complete
mathematical interpretability through Mobius coefficients and Shapley values. This
provides the first interpretable alternative to black-box ensemble methods in operational
air quality forecasting.

I demonstrated that ensemble fusion for PMio forecasting exhibits universal
information saturation at K=5 expert models across all 11 monitoring stations
regardless of urban characteristics, with performance degrading when additional models
are included. This fundamental limit suggests that approximately five independent
information sources exhaust the predictable component of urban PM.o variance.

I proved that regime-specific gradient boosting outperforms stationary
assumptions by 4.1 standard deviations (Cohen's d = -4.10, p < 0.001), representing
one of the largest effect sizes documented in atmospheric machine learning literature.
This quantifies for the first time the severe penalty of ignoring atmospheric regime
transitions in urban air quality prediction.

I established that 73.3% of pairwise model interactions in PMio ensemble
forecasting exhibit redundancy (negative Mobius coefficients), proving that
successful fusion requires explicit redundancy penalization. This finding challenges the
common assumption that more models necessarily improve ensemble performance.

I proved that the CHIMERE-ANN hybrid approach with high-resolution inputs
(0.02°) reduces systematic ozone bias by 74% (from 30.1 to 7.5 pg/m*> RMSE),
demonstrating that machine learning correction effectiveness depends critically on the
physical consistency of input spatial structures rather than merely on statistical patterns.

I demonstrated that anomaly-space modelling provides superior PMo predictions
compared to absolute concentration modelling, with KNN-Anomaly achieving
R?2=0.979 versus R?=-0.048 for standard meteorological features. This 102.7%
improvement validates the manifold hypothesis that atmospheric dynamics occur on
low-dimensional perturbation manifolds despite high-dimensional measurement spaces.

I proved through systematic decomposition that CHIMERE spatial resolution
improvements affect model components non-uniformly: emission representation
improves by 10-fold, land use classification by 300%, while meteorological fields show
negligible enhancement (<5%). This challenges the assumption of uniform resolution
benefits and identifies emissions as the primary bottleneck in urban CTM accuracy.
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7 SUMMARY

Urban air pollution affects 4.2 billion people globally and causes 7 million premature deaths
annually. This thesis addresses the fundamental challenge of developing accurate, interpretable,
and operationally viable air quality forecasting methods for urban environments, with particular
focus on Central Eastern European cities that face unique challenges from legacy infrastructure,
complex topography, and diverse emission sources. The research systematically explores the
complementary strengths of statistical, deterministic, hybrid, and ensemble approaches through
applications in Budapest, Agadir, and Casablanca.

The investigation follows a methodological progression designed to evaluate each paradigm's
capabilities and limitations. Beginning with statistical baselines, ARIMA models were
developed for Budapest's 11-station monitoring network, achieving mean absolute errors of 11-
24 pg/m? for hourly NO: and 4.8-7.6 pg/m? for 3-hourly PMio. The systematic grid search across
multiple temporal granularities revealed that 3-hour aggregation provides optimal balance
between noise reduction and dynamic information preservation, with MASE values consistently
above 0.90. However, these purely statistical approaches captured only 80-85% of pollutant
variance and remained fundamentally limited to historical pattern extrapolation.

To address the need for process-based understanding, the CHIMERE chemical transport model
was evaluated at multiple spatial resolutions (0.1°, 0.05°, 0.02°) in Moroccan coastal cities.
Results demonstrated that resolution refinement from 0.1° to 0.02° improved model
performance by approximately 20%, but systematic decomposition revealed non-uniform
benefits: emission representation improved 10-fold, land use classification by 300%, while
meteorological fields showed negligible enhancement (<5%). Despite high-resolution
implementation, persistent systematic biases (27.4 pg/m? overestimation for Os) motivated the
development of the CHIMERE-ANN hybrid approach, which successfully reduced RMSE from
30.1 to 7.5 pg/m? through neural network bias correction. The superior performance using high-
resolution CHIMERE inputs (correlation improvement from 61% to 80%) demonstrated that
machine learning benefits from physically consistent spatial structures even when absolute
values require correction.

Recognizing that no single model adequately captures urban air quality complexity, the research
culminated in developing an advanced ensemble fusion framework. Eleven specialized machine
learning models were constructed using four engineered feature sets targeting distinct
atmospheric processes: short-term dynamics for traffic variations, long-term patterns for
seasonal trends, meteorological drivers for dispersion mechanisms, and anomaly detection for
extreme events. Performance evaluation revealed extreme stratification, with KNN-Anomaly
achieving RMSE of 1.8 pg/m?® (R? = 0.979) while SVR-RBF failed catastrophically with
negative R?. The comparison between regime-specific and stationary gradient boosting yielded
an effect size of Cohen's d = -4.10, one of the largest documented in atmospheric machine
learning literature, quantifying the severe penalty of ignoring atmospheric regime transitions.

The thesis makes its most significant contribution through the novel application of Choquet
integral fusion with 2-additive fuzzy measures for combining expert predictions. This
mathematically principled framework achieved performance within 9.6% of state-of-the-art
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black box stacking methods (RMSE = 1.83 vs 1.67 ug/m®) while maintaining complete
interpretability through Mobius coefficients and Shapley values. Analysis revealed that 73.3%
of pairwise model interactions exhibited redundancy (negative Mobius coefficients),
demonstrating that successful ensemble fusion requires explicit redundancy penalization rather
than simple combination. The universal optimum at K=5 expert models across all stations,
regardless of urban characteristics, suggests fundamental information-theoretic limits where
approximately five independent information sources exhaust the predictable component of
urban PMo variance.

The research provides clear operational guidance for cities at different development stages. For
resource-limited cities, ARIMA models offer 85% accuracy with minimal infrastructure
requirements. Cities with moderate resources can implement CHIMERE-ANN hybrids,
achieving substantial improvement through single-station calibration. Advanced cities can
deploy Choquet integral fusion, obtaining near-optimal accuracy while maintaining regulatory-
required interpretability. The computational analysis showing 17-fold time difference between
Choquet-K5 and Choquet-K13 with only 3.6% accuracy improvement establishes clear
efficiency boundaries for real-time applications.

Key conclusions emerge from this comprehensive investigation: First, the accuracy-
interpretability trade-off in air quality forecasting is not fundamental but can be overcome
through appropriate mathematical frameworks like the Choquet integral. Second, feature
engineering aligned with atmospheric processes contributes more to model performance than
algorithmic sophistication, challenging current trends toward ever-deeper networks. Third,
urban air quality exhibits information saturation where additional model complexity beyond
five independent experts provides no benefit. Finally, different atmospheric conditions favour
different modelling paradigms, necessitating adaptive systems rather than universal solutions.
This research establishes that effective urban air quality management requires portfolios of
complementary approaches, with method selection aligned to specific decision contexts,
available resources, and required interpretability levels.
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OSSZEFOGLALO

A varosi levegOszennyezés vilagszerte 4,2 milliard embert érint, és évente 7 millié korai
halalesetért felelds. Jelen disszertacid a pontos, értelmezhetd és operativan megvaldsithatd
levegémindség-elorejelzési modszerek fejlesztésének alapvetd kihivasaval foglalkozik varosi
kornyezetben, kiilonos tekintettel a kozép-kelet-europai  varosokra, amelyek egyedi
kihivasokkal néznek szembe az 0rokolt infrastruktira, a komplex topografia és a sokféle
kibocsatasi forras miatt. A kutatds szisztematikusan vizsgalja a statisztikai, determinisztikus,
hibrid és ensemble megkdzelitések egymast kiegészitd erdsségeit Budapest, Agadir ¢€s
Casablanca alkalmazésain keresztiil.

A vizsgélat olyan modszertani progressziot kovet, amely az egyes paradigmak képességeinek
¢s korlatainak értékelésére szolgal. A statisztikai alapvonalakkal kezdve ARIMA modelleket
fejlesztettiink Budapest 11 allomasbol all6 monitoring halézatara, amelyek 11-24 pg/m? atlagos
abszolut hibat értek el oérankénti NOq-re és 4,8-7,6 pg/m3-t 3 6ras PMio-re. A tobbféle iddbeli
felbontason végzett szisztematikus grid-keresés feltarta, hogy a 3 oras aggregéacioé optimalis
egyensulyt biztosit a zajcsokkentés és a dinamikus informaciomegérzés kozott, a MASE
értekek kovetkezetesen 0,90 felett maradtak. Azonban ezek a tisztan statisztikai megkozelitések
a szennyezOanyag-variancia mindossze 80-85%-at ragadtdk meg, és alapvetden a torténeti
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A folyamatalapu megértés sziikségességének kezelésére a CHIMERE kémiai transzport modellt
értékeltiik tobbféle térbeli felbontason (0,1°, 0,05°, 0,02°) marokkoi tengerparti varosokban. Az
eredmények azt mutattdk, hogy a felbontas finomitasa 0,1°-r61 0,02°-ra koriilbeliil 20%-kal
javitotta a modell teljesitményét, de a szisztematikus dekompozicié nem egyenletes eldnyoket
tart fel: a kibocsatas-reprezentacid 10-szeresére, a teriilethaszndlati osztalyozas 300%-kal
javult, mig a meteoroldgiai mezdk elhanyagolhat6 javuldst mutattak (<5%). A nagy felbontast
implementacid ellenére a tartds szisztematikus torzitdsok (27,4 ug/m? talbecslés Os esetén)
motivaltdk a CHIMERE-ANN hibrid megkozelités fejlesztését, amely sikeresen csokkentette
az RMSE-t 30,1-r8l 7,5 pg/m3-re neuralis halozat alapt torzitaskorrekcido révén. A nagy
felbontasi CHIMERE bemenetekkel elért kivalo teljesitmény (korrelacid javuldsa 61%-rol
80%-ra) bizonyitotta, hogy a gépi tanulds profital a fizikailag konzisztens térbeli struktirakbol
még akkor is, ha az abszolut értékek korrekciot igényelnek.

Felismerve, hogy egyetlen modell sem képes megfelelden megragadni a varosi levegémindség
komplexitasat, a kutatas egy fejlett ensemble fuzids keretrendszer kifejlesztésével zarult.
Tizenegy specializalt gépi tanuldsi modellt konstrualtunk négy mérndki tervezési
jellemzokészlet felhasznalasaval, amelyek kiilonb6zo 1égkdri folyamatokat céloztak meg: rovid
tava dinamikat a forgalmi varidcidkhoz, hosszl tavli mintazatokat a szezonalis trendekhez,
meteoroldgiai hajtoerdket a diszperzids mechanizmusokhoz, €s anomalia-detekciot az extrém
eseményekhez. A teljesitményértékelés extrém rétegzédést tart fel: a KNN-Anomaly 1,8 pg/m?
RMSE-t ért el (R*=0,979), mig az SVR-RBF katasztrofalisan kudarcot vallott negativ R>-tel.
A rezsim-specifikus és stacionarius gradient boosting Osszehasonlitdsa Cohen's d = -4,10
hatdsméretet eredményezett, amely az egyik legnagyobb dokumentalt érték a légkori gépi
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tanulas irodalmaban, szamszertisitve a 1égkori rezsimvaltasok figyelmen kiviil hagyasanak
sulyos biintetését.

A disszertacid legjelentésebb hozzdjarulasat a Choquet-integral fizid ujszerti alkalmazasa
jelenti 2-additiv fuzzy mértékekkel az szakértdi predikciok kombinaldsara. Ez a matematikailag
megalapozott keretrendszer a legkorszeribb fekete doboz stacking modszerek teljesitményének
9,6%-an beliilli eredményt ért el (RMSE = 1,83 vs 1,67 ug/m?), mikdzben teljes
értelmezhetdséget biztositott a Mobius-egylitthatokon és Shapley-értékeken keresztiil. Az
elemzés feltarta, hogy a paronkénti modellinterakcidk 73,3%-a redundanciat mutatott (negativ
Mobius-egyiitthatok), demonstralva, hogy a sikeres ensemble fuzid explicit redundancia-
blintetést igényel az egyszerli kombinacid helyett. Az univerzalis optimum K=5 szakértoi
modellnél minden 4allomason, a varosi jellemzoktol fiiggetleniil, fundamentalis
informacioelméleti korlatokat sugall, ahol koriilbeliil 6t fiiggetlen informécioforras kimeriti a
varosi PM.o variancia elérejelezheté komponensét.

A kutatds vildgos operativ utmutatast nyujt a kiilonbozé fejlettségi szintli varosok szamara.
Korlatozott eréforrasokkal rendelkezd varosok szaméara az ARIMA modellek 85%-os
pontossagot kindlnak minimalis infrastrukturalis kovetelményekkel. Mérsékelt eréforrasokkal
rendelkezd varosok CHIMERE-ANN hibrideket implementalhatnak, jelentds javulast érve el
egyallomdsos kalibracidval. Fejlett varosok Choquet-integral fuziot alkalmazhatnak, kozel
optimalis pontossagot elérve a szabalyozasi szempontbol sziikséges értelmezhetdség
megorzése mellett. A szamitasi elemzés, amely 17-szeres id6kiilonbséget mutat a Choquet-K5
és Choquet-K13 kozott minddssze 3,6%-0s pontossagjavulassal, egyértelmli hatékonysagi
hatarokat allapit meg a valos idejli alkalmazasokhoz.

Kulcsfontossagu kovetkeztetések rajzolédnak ki ebbdl az atfogo vizsgalatbol: El0szor, a
pontossag-értelmezhetdség  kompromisszum a  levegémindség-eldrejelzésben  nem
fundamentalis, hanem megfeleld matematikai keretrendszerekkel, mint a Choquet-integral,
lekiizdhetd. Maésodszor, a légkori folyamatokhoz igazitott jellemzémérndkség jobban
hozz4jarul a modellteljesitményhez, mint az algoritmikus kifinomultsag, megkérddjelezve az
egyre melyebb haldzatok felé mutato jelenlegi trendeket. Harmadszor, a véarosi levegémindség
informacios telitettséget mutat, ahol az 6t fiiggetlen szakérton tili tovabbi modellkomplexitas
nem hoz elényt. Végiil, a kiilonbozd 1égkori koriilmények kiilonb6zé modellezési paradigmakat
favorizalnak, adaptiv rendszereket téve sziikségessé az univerzalis megoldasok helyett. Ez a
kutatds megallapitja, hogy a hatékony varosi levegdmindség-kezelés komplementer
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rendelkezésre allo eréforrasokhoz és sziikséges értelmezhetdségi szintekhez igazitva.
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Appendix 2

Figure S1. The geographic area of the study site (1) Africa, (2) Morocco, (3) Casablanca,
(4) Agadir
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Appendix 3

Table 1. Stationarity tests results for NO> Concentration data.
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Appendix 4

Table 2. Performance of fusion techniques at 11 stations.
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Appendix 5

Figure S2. Spatial discretization between the CHIMERE domains Ria (Green), R2a
(Red), R3a (Blue) and the observation site (Black).
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Appendix 6

Table 3. Coordinates of the four cells representing WRF and CHIMERE domains

North-West North-East South-East South-West
WRF domain
do1 Latitude 43.82453° 43.82453° 20.87130° 20.87130°
domain  — i -21.24654° 7.972054° 7.97205° -21.24654°
d02 Latitude 36.71437° 36.71437° 29.86381° 29.86381°
domain  Longitude ~12.02137° -2.72593° 22.72593° -12.02137°
CHIMERE domain
Agadir city
RIA Latitude 33.7972° 33.7972° 28.1443° 28.1443°
domain : S S S S
(Green)  Longitude -14.86298 2.78170 2.78170 14.86298
R2A Latitude 32.63318° 32.63318° 29.04184° 29.04184
d(Oerg')” Longitude  -13.2211° -4.80623° -4.80623° 132211
R3A Latitude 30.99084° 30.99084° 29.99848° 29.99848
‘ETU"’:)” Longitude  -10.87559° -8.31281° -8.31281° -10.87559
Casablanca city
R1C Latitude 36.11015° 36.11015° 27.59972° 27.59972°
domain - S S S S
(Black)  Londitude -15.1708 150715 -1.50715 115.1708
R2C Latitude 34.82588° 34.82588° 29.58078° 29.58078°
domain  Longitude -10.80079° -4.142032° ~4.142032° -10.80079°

(Brown)
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Figure S3. Scatter plots of different fusion methods in Teleki tér, Korakas park,
Pesthidegkut and Kosztolanyi D tér.
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Appendix 8

Predicted vs Observed — Gilice Predicted vs Observed — Gergely utca
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Figure S4. Scatter plots of different fusion methods in Gilice tér, Gergely utca, Csepel
and Budatétény station.
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