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Abstract

Environmental factors are responsible for 28% of premature deaths in the European Union, notably due to urban air pollution.
INQUA, the global network of terrestrial researchers investigating the impacts of air quality, greenhouse gas emissions, and
climate change on human health, responds to these threats with an open-ended challenge to develop reliable predictive models for
urban air quality monitoring. Such externalities are increasingly treated as a common good. The approach promises to improve
the public health decision-making process and governance by enabling predictive analytics and beyond-the-air-data-informed
decision-support systems. Empirical evidence is provided by two pilot studies, one in a megacity with high-density urban cores
and the other in a mid-sized city.

Resistance to predictive urban air quality models stems from concerns about the accuracy of traditional regression estimates
when compared with modern supervised learning. The ensemble of data from real-time sensor networks, remotely sensed earth
properties, and urban activity emissions should determine both algorithms for accurate future estimates and feature-engineering
procedures to identify the most effective and interpretable paths for each pollutant. Well-designed learning tasks improve
predictive skills, providing a probabilistic assessment that accounts for quality uncertainty, reinforced by temporal validation
tests and quantile-class predictive-distribution measures.

Keywords : Artificial Intelligence; Predictive Analytics; Air Quality Monitoring; Big Data; Urban Health; Machine Learning;
Decision-Making Support.

1. Introduction

Urban air pollution is emerging as the fourth leading risk factor for global public health with fatal and non-fatal disease burden
estimates exceeding those of both road traffic injuries and HIV/AIDS, detection and prediction of urban air quality have become
a top priority in many cities. Scientific studies have increasingly established causal links between adverse health effects and
short- and long-term exposure to urban air pollution through the application of quantitative risk indicators. International and
national air quality standards for common urban air pollutants have been established, and monitoring and reporting of urban air
quality by local authorities are also regulated. Nevertheless, despite the efforts that have been put into lowering urban air
pollution levels in many cities, numerous urban areas still fail to comply with the given air quality standards.

The annotated set of multi-source data consists of a handcrafted set of 11,402 statistical association rules across 119 urban air
quality papers and a random sample of 460 papers from the 4,020 documents published on Scopus. Three air quality neural
networks are trained using twelve years of data in one of the world’s megacities. A traditional approach based on statistical
learning operates in a supervised manner, whereas two more recent models are conceived for a general data-driven setting in



which the targeted variable is only partially available for learning. The outcome of the research highlights the current research
status, the relative importance of air quality sources, and the potential of advanced deep learning approaches for urban air quality
prediction.

1.1. Background and Significance

Air quality monitoring in urban environments is a major challenge due to the increasing levels of pollution and urbanism over the
years. Urban centers have been the main hotspots for Air Quality (AQ) pollution caused by inadequate waste management
systems. Many studies have reported the vast health impacts and economic costs caused by poor urban air. Today, there is
continuous monitoring of urban air quality in cities upon the request of authorities so that alert systems can be established.
However, the major cost concerns and lack of sufficient historical data have limited the predictive modeling capability to a level
where predictions are still very basic.

Air Quality Monitoring (AQM) presents an efficient solution for such an issue by integrating various sources of data for analysis
on Air Quality (AQ) in cities. The monitoring system uses sensor-based information combined with remote sensing, emission
inventories, and meteorological data. Using Predictive Analytics Models (PAMs), the historical data is combined with other
sources to accurately predict the different pollutant levels over the years and help local authorities with an alert system for
hazardous futures. Moreover, the concern regarding the reconciliation of different sensor data is also accomplished by proposing

a proper uncertainty-quantification process.
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Fig 1: Air quality monitoring based on big data-assisted artificial intelligence technique



1.2. Research design

Air quality monitoring aims at determining the concentration of air pollutants, the sources contributing to pollution, and the risks
posed to health. These objectives can be pursued through predictive analytics, linking past environmental factors with current
pollution concentrations via supervised machine learning. Recent advances in model development—from traditional statistics to
modern machine learning but also in the richness, temporal resolution, and spatial coverage of environmental data—offer great
opportunities to develop accurate, broad-coverage models that can be deployed in landmark megacities as well as mid-size cities
with a temporal horizon of just a few years.

Air quality prediction and forecasting are data-driven and data-centric processes that encompass not only model development but
also continual evaluation, updating, and re-calibrating under new data conditions. Air quality is modeled as a response variable in
statistical learning fashion, enabling prediction as well as generalization to years missing in historical records and yielding
predictive distributions around expected concentrations. Intuition from decision-utility theory bridges analytical modeling with
real-world use, emphasizing that prediction skill is paramount for supporting urban services such as health risk awareness or
emergency management in the event of pollution peaks.

Equation 1: Binomial Logistic Regression

e 1 =pollution threshold exceeded
e 0 =threshold not exceeded

Step 1: Define probability

Let

pi=P¥ =11x)

We want a model for p;, but p;must stay between 0 and 1.
Step 2: Start with odds

Odds of event:

odds =
1-p;
Step 3: Take log-odds

To make the relationship linear in predictors, use the logit transform:

p.
tog (2) = o + Buxia + -+ By
pi

This is the logistic regression equation.
Step 4: Solve for p;

Exponentiate both sides:

pi — eﬁ0+ﬁ1xi1+“'+ﬁpxip

1-p;

Let

z; = Po + Brxiy + -+ Bpxip



Then:

Multiply both sides by 1 — p;:

pi=e“(1—p)

Expand:

pi = et —e”ip;

Bring p;terms together:

pi +e’ip; = e”

Factor:
pi(1 + e%) = e
So,
e
Pi=Tren
Equivalent form:
_ 1
Pi= T e

Final equations

p.
tog (2) = o + Buxis ++ By
pi

and

1
pi= 1+ e_(BO+B1xi1+“'+Bpxip)

2. Theoretical Foundations of Air Quality Monitoring

Monitoring urban air quality requires an understanding of the causes and consequences of air pollution, in particular the
pollutants relevant for human health, their sources, the paths by which they affect the population, and the relationships linking
exposure to health impact. Specialized literature provides quantitative risk indicators that disclose these linkages for major
pollutants. The basis of the monitoring architecture lies in predictive analytics, which consist of developing models that predict
these air quality Indicators from relevant predictors supported by data-driven Decision Support Systems (DSS) integrated with
Al.



Pollutant sources differ in their spatial scale: local sources affect air quality in the vicinity of their emissions; regional sources
have a more widespread impact; while half-yearly and annual variability is connected to large-scale meteorological conditions
that favour stagnant air masses. These distinct components of air quality dynamics can be treated at different time scales through
the appropriate predictive approach. The traditional paradigm in quantitative air quality assessments relies on the knowledge of
physical and chemical processes that govern the emission and dispersion of pollutants in the atmosphere, for which detailed
inventories of emissions and meteorological data provide the needed information. For specific application such as the short-term
support of city services, statistical models have been the most relevant tools. The recent enormous increase in sensor pollution
networks in cities is producing the necessary data bases for the deployment of supervised machine learning models. Unless
severe data limitations make statistical approaches impractical, a preliminary exploration using the former paradigm is often
advisable.

Choosing among these modeling options is closely linked to the nature of features and target variables. A Statistical approach can
explained dependencies when features operate reliably in a real system i.e. population interaction, but can barely match when —
such as in Q-10-20 where winds are too weak and deep smog reduce radiation. In such case, explicit assumption of relationships
for the flexible machine learning classes could replace strongly related specification of Q-20-20 with a simple no effect “cut-off”
in the learning. In contrast, temporal validation — enabling use of e.g. available data only for feature selection provide with some
confidence on wisdom of any specification of a Statistical model.

Fig 2: Air Quality Monitoring Systems

2.1. Key Pollutants and Health Impacts
Air quality is an important health determinant for urban populations. Continuing exposure to airborne particulate matter (PM) and
nitrogen dioxide (NO:) increases mortality from cardiopulmonary diseases and lung cancers, and these long-term risks have been



quantified in terms of the number of deaths attributable to exposure. Relationships between PM and health endpoints are also
well established. Epidemiological studies have linked both short-term exposure to PM and ozone concentrations with increases in
morbidity and mortality, resulting in association curves that show a link between pollutant concentrations and health endpoints
without an apparent threshold. Short-term increases in 0zone concentrations are also associated with increases in hospital
admissions for respiratory illnesses and asthma. In response to these health implications, air quality is governed at global,
national, and local scales through the setting of ambient air quality standards. These standards generally refer to the concentration
limits of the key air pollutants defined by the World Health Organization (WHO) Air Quality Guidelines: PM:.s; PMio; 0zone
(Os); nitrogen dioxide (NO-), nitrogen oxides (NOx); sulfur dioxide (SO:); and carbon monoxide (CO).

Air quality monitoring systems for urban areas typically measure NO2; ozone; PM; and also hydrogen, carbon monoxide, carbon
dioxide, methane, and non-methane volatile organic compounds. Continuous and automated monitoring is conducted by local,
national, and global (for example, the European Environment Agency and the US Environmental Protection Agency) reference
stations. Meteorological variables, noise levels, SO-, and precursors of secondary pollutants such as NO, and NH; are also part of
standard monitoring networks. Most cities with population sizes higher than 10 million are equipped with high-resolution air
quality (AQ) monitoring systems, usually including sensors of different types, for example, satellite AQ data; ground-based
networks with reference stations; low-cost sensor networks operated by citizens, start-ups, universities, or NGOs; and
information from mobile monitoring platforms.

2.2. Modeling Paradigms in Environmental Analytics

Three primary modeling paradigms can be distinguished: mechanistic, statistical, and machine-learning-based approaches.
Mechanistic models use first principles to describe a process physically or chemically. They link cause to effect through
explicitly defined (model user defined) equations. Statistical modeling identifies (data-driven) relationships in historical data
without relying on explicit the causal links. Statistical models fits possible predictors to an outcome based on data without
considering any physical processes being modeled. Machine learning models are a subset of statistical models, but employ
advanced (higher order) fitting methodologies such as boosted regression trees or neural networks. They operate under the “learn
only” paradigm — once relationships are fit, no further interpretation is provided on the model relationships and data is instead
only viewed as an input /output learning mechanism. These Machine Learning models can operate well even under situations of
poor data quality, or when data does not fulfill the general assumption of linearity or Gaussian error structure. Traditionally, the
different modeling families serve different purposes based on the general assumptions made in the respective methodology.
Mechanistic models are useful for scenarios exploring the impact of specific factors or simulating “what if” scenarios; these
Statistical models are applied scenarios where there is an interest to explain variation in a process or a system, while machine
learning modeling is often used in scenarios with low model performance or often prediction under true “black box” principles.

Equation 2: Root Mean Squared Error (RMSE)
Step 1: Prediction error for each sample

For sample i,

e =y —Ji

where:
e  y;=actual pollutant concentration
e  ¥;=predicted pollutant concentration

Step 2: Square each error

el = (i — 91)?

This avoids positive and negative errors cancelling out.

Step 3: Mean of squared errors



1\ .
MSE == (yi = %)
i=1

Step 4: Take square root

To bring the unit back to the original pollutant unit:

RMSE =

Final equation

RMSE =

3. Research Summary

This section summarizes the research project, which addresses an urban air quality predictive model based on routinely generated
large datasets. Addressed components include data integration across predictive scales, a supervised-learning-based predictive
model, and a framework that tests quantitative performance and provides physical explanations.

Data sources encompass cheap sensor networks, satellite remote sensing products, and emissions inventory-based spatiotemporal
maps. Data integration leverages the geographic distribution of horizontal information sources and networked sensor density for
improved spatial-resolution predictive mapping. Ensuring a high-quality training dataset includes several steps: a quality-
assurance protocol, outlier detection and reassessment, harmonization of different sensor and monitoring systems, and relative
humidity-dependent missing-data treatment.

Air quality is one of the major concerns with regard to global urban development, both in terms of human health and the
environment. Therefore, the objective of this research is to verify whether traditional statistical models developed for air quality-
compliant regulatory issues can be replaced by modern machine learning techniques that improve predictive performance and
apply to real urban situations. The novelty relies on the quantity and nature of the available data and whether predictive
performance is sensitive to the choice of the learning technique.

Equation 3: Mean Absolute Error (MAE)

Step 1: Error for each sample

e=yi—%

Step 2: Absolute value of error

lei 1=ly; =i |

This measures magnitude only.

Step 3: Average over all samples

n
1
MAE = — R
nZ ly; — i |
=1



Final equation

n
1
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<

3.1. Data Sources and Data Integration

Urban air quality is responsive to local conditions while remaining influenced by regional and global processes. Dense sensor
networks, remote-sensing technologies, and high-resolution emissions inventories allow predictions at these different spatial
scales. These datasets can be combined seamlessly with existing tools through established open-source libraries. Data availability
may be mismatched temporally (real-time data availability) or spatially (different protocols or units across urban regions).
Therefore, the integration of these datasets requires a common processing framework to guarantee spatial continuity and temporal
completeness. The integration must ensure that the real-time monitoring can exploit all available data sources for which the
necessary protocols have been defined. The monitoring framework should combine data from ground-based air quality sensors
and remote-sensing products.

Air quality data from sensor networks for Nashik, Pune, Santiago de Chile, and Los Angeles have been integrated and
harmonized using the M7 data-processing framework and an urban data-integration approach. The M7 data-processing
framework enables the integration of heterogeneous data streams, including remote-sensing data (in particular, satellite-based
data and products), traffic data, climate conditions, and data from sensor networks adapted to local needs. Data harmonization
addresses challenges related to temporal-mismatching (data streams with different availability) and spatial-harmonization (where
data streams have different processing protocols, units, or characteristics). Automated-outlier detection identifies anomalous data
values, while different methods can cover or reconstruct missing data across the sensors.
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Fig 3: DaData Sources and Data Integration of air quality monitoring using big data

3.2. Data Preprocessing and Quality Assurance

Data preprocessing, quality assurance, and quality control processes are indispensable for guaranteeing the reliability of the
learning phase and the prediction results. Emphasis must be placed on outlier detection and treatment, the suitable management
of missing data, and the integration of the data at the horizontal level between sources and at the vertical level of the different
spatial-temporal scales. Data provided by sensor networks are subject to different types of errors, as the calibration of low-cost
sensors in time and space is often scarce. The temporal and spatial resolution is generally non-uniform in time and space. For
realtime monitoring, outlier detection will be implemented with the help of the SPOT algorithm in the SPOT R package. SPOT
wraps . The information of temporal and spatial groups is exploited to detect part of the anomalies. When the monitoring data are
used to generate the predictive models, the first step involves a simple filtering of the data, mainly based on simple criteria (such
as value ranges for the pollutants).

Missing data are another common problem with data collection networks. Data gaps over short time windows can often be filled
using interpolation methods. Accurate predictions concerning the value of the missing data can be provided, given the good
correlation of urban air pollution. Two approaches are used for filling gaps: an existing routine (such as Integrated Nested
Laplace Approximation, INLA) of the OpenAir R package can fill gaps in time series, and the random forest based APCA can fill
the gaps of sensors’ measurement; for longer missing data, the estimation has to rely on the fusion of other sources. At the spatial
level, other existing methods can be used. Before fusing the datasets, the temporal resolutions must be integrated at the hour level
and harmonized based on the previous steps (outlier detection and missing data filling).

4. Objective of the Study

The principal objective is to investigate whether modern, supervised, data-driven learning improves predictive accuracy and
urban health decision-support at spatiotemporal scales, detail, and simplicity often not seen in traditional statistical methods.
However, gains in predictive quality must meet actual user needs: concentrations should be estimable in real time, across an
entire city, at high resolution, and for PM10, PM2.5, 03, NO2, CO, SO2, and, ideally, all constituents and species. Moreover,
districts should be benchmarked not only by predicted exposure but also by exposure—response functions for health impacts.
Investigating these dimensions provides insights into predictive powers and weaknesses across the full range of big-city zoning,
geography, demography, and epidemiology. The findings can thus support authorities developing Al-based, online, predictive-
analysis pollution models for the many modern urban areas currently lacking air-quality sensory infrastructures.

Two crucial points justify the move from traditional methods to more contemporary learning techniques. First, human health is
the most important yet least considered aspect of predictive pollution research: statistical modeling has mostly overlooked how
different approaches inform urban-health-related decision-making. Population exposure vectors, risk quantifications, and the
health implications of modeled urban air quality remain a missing piece of investigation in traditional data-oriented, predictive
modelling research. Second, cities with sufficiently varied air-quality regulations, meteorology, and monitoring/big-data
availability introduce population-health-protecting resilience factors. Especially under deep forms of democratic governance—
active data stewardship, participatory data governance, community-led data-collection strategies—the general ability of Al to
“generalize” and “adapt” within and across such cities need empirical support.

Equation 4: Coefficient of Determination (R?)
Step 1: Total variability in observed data

Let the sample mean be:

=y
Il
S|
T

Total sum of squares:



n
SSit = Z()’i -3)?
i=1

This measures total variation in the actual pollutant data.
Step 2: Unexplained variability after modeling

Residual sum of squares:

n
Ssres = Z(yl - 5\11')2
i=1

Step 3: Fraction explained by the model

The unexplained fraction is:

So the explained fraction is:

Substitute definitions:

le(}’i - 9)?

RE=1- n _
i (yi—9)?

Final equation

211(}’1 —91)?

R?=1- T _
i (yi=9)?

4.1. Traditional Statistical Approaches

As a basis for comparison with the Al-based supervised learning models, a selection of commonly used traditional statistical
methods is implemented and validated. These include multiple linear regression and generalized additive models for continuous
prediction and binomial logistic regression for classification tasks. Feature selection is performed for each case to improve clarity
and interpretability, with the aim of establishing an efficient, readily-executable statistical approach that can serve as a
benchmark. Such traditional methods are generally more easily understood, as they are usually based on relatively simple
mathematical formulations and have established significance-test protocols, but this does not automatically translate into reliable
predictions. Indeed, these classical statistical methods often yield lower predictive accuracy than machine-learning techniques
such as random forests, support vector machines, or gradient boosted trees.
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Fig 4: Traditional Statistical Approaches of ai-based predictive analytics models

4.2. Supervised Learning for Prediction

Investigating the empirical predictive performance of supervised learning models within urban Air Quality Prediction and
Forecasting. Predictive accuracy is compared with established statistical methods for a selection of regions, timescales, and Air
Quality Indicators. Principal components, risk-of-exceedance indicators, and information gain ratio analyses serve to preselect
targets and candidates for city-scale predictive analytics models. Established statistical prediction and forecasting methods are
compared with advanced supervised learning approaches within an Al-enabled urban analytics framework. Evidence is provided
that novel Al techniques achieve superior predictive performance on Air Quality Indicator concentrations, six-hourly risk-of-
exceedance indicators, and on selected pollutants in individual districts—Al methods will fulfil predictive needs for regional
mesoscale and local microscale urban decision-support applications.

Evaluating the role of data in the generation and application of predictive models represents an essential stage in the development
of Al-enabled urban analytics frameworks. Examining the predictive performance of conventional statistical approaches against
advanced supervised learning methods provides essential evidence for decision-support applications. Recent studies applying
supervised learning techniques in steps 1 to 3 serve to inform choices and provide preselection of learning targets, predictive
features, and models. Primary learning targets encompass concentrations of particulate matter, carbon monoxide (CO), nitrogen
dioxide (NO2), ozone (03), and sulfur dioxide (SO2); six-hourly risk-of-exceedance indicators for O3, PM10, and PM2.5; and
principal components derived from the complete Air Quality Indicator matrix. For PM10 and PM2.5 concentrations, additional
learning targets reflect confirmed exceedances of European Union regulations. Principal component, risk-of-exceedance
indicator, and information gain ratio analyses further preselect learning targets and predictive features for predictive models at the
scale of megacities and urbanised high-density metropolitan cores.

5. Methodology

As delineated, the methodology comprises three essential components: model development, evaluation, and robustness testing.

Metrics for comparing model performance include Root Mean Square Error (RMSE), Mean Absolute Error (MAE), Coefficient
of Determination (R?), Area under the Receiver Operating Characteristic Curve (AUC), calibration, and utility based on decision-
analytic theory. Evaluations rely on standard k-fold Cross-Validation (CV) and temporal validation. Processing of prediction
uncertainty employs three approaches: prediction intervals for quantifying overall predictive uncertainty, probabilistic forecasts
for estimating prediction likelihoods, and sensitivity analyses for assessing model robustness.



The evidence underpinning model transferability to high-density district cores and mid-sized cities requires special consideration.
In the case of district models, the transferability from data-rich to data-poor regions is particularly important for predicting
population exposure to PM2.5 and O3. For smaller cities, substantive evidence is sought for both model generalizability and
aggregation transferability, thereby establishing the suitability of the proposed framework for Al-enabled urban air quality
prediction across cities of varying scales and densities.

Equation 5: Prediction Interval Equation

Step 1: Predicted mean response

For a new observation with predictor vector x,,

Step 2: Variance of a future observation
A future observed value includes:
1. uncertainty in estimating the mean
2. irreducible random noise
So the variance is:

Var(Yy — ¥y) = 02(1 + xJ (XTX) " 1xg)

Step 3: Standard error of prediction

SEpred = S /1 + 2l (XTX)1x,

where sis the estimated residual standard deviation.
Step 4: Use t-multiplier

Fora 100(1 — a)%prediction interval:

JA’O t+ ta/z, n-p-1 SEpred
Substitute SEpeq:

j/\o "_' ta/z' n-p-1 s 1+ xg(XTX)_lxo

yo "_' ta/2’ n-p-1 s 1+ xg(XTX)_lxo

Final equation

5.1. Metrics for Predictive Performance

The predictive performance of the models is assessed using the Root Mean Squared Error (RMSE), Mean Absolute Error (MAE),
and Coefficient of Determination (R?) for model calibration. AUC (Area Under the Curve) quantifies the models’ ability to
discriminate pollutant presence, while calibration evaluates the correspondence between predicted risk and forecasted event rate.
Decision-utility measures for prediction intervals and probabilistic forecasts are also calculated. The robustness of predictions is



appraised via cross-validation for unsupervised learning, temporal validation for supervised learning, and sensitivity analysis of
feature importance.

Cross-validation encompasses repeated random splits of the data into training and testing subsets, guaranteeing independence of
the predictive model from performance assessment. Temporal validation spatio-temporally partitions the dataset. For mobile-
sensing networks and unsupervised learning, training and testing data are from different time slices. For supervised learning, at
least nine months constitute the training set, while the testing data belong to subsequent years. The predictive stability of
previously calibrated models is examined against data from recent years.

5.2. Uncertainty Quantification

Uncertainty quantification encompasses a wide range of estimation methods that provide information about prediction reliability.
A complete uncertainty quantification process comprises a number of approaches to describe different components of
uncertainty. Prediction intervals are considered a low-level method that allow estimation of the uncertainty associated with a
point prediction. For accuracy-oriented air quality applications, it is crucial to derive prediction intervals as they allow policy
makers and public health experts to interpret modeled air-quality data in such ways that additional spatiotemporal variability (e.g.
sudden events) in the air-quality dynamics will be revealed. Robust prediction intervals give an instant idea of the reliability of
modeled predictions, which are needed for any downstream use, particularly in real-time applications.

A probabilistic forecast refers to a qualitative or quantitative account of a future event or condition in which a range of
possibilities is presented together with an associated likelihood of occurrence of each possibility. For example, in air quality
monitoring context, a probabilistic forecast can indicate that a bad air quality episode is highly likely if predictions are above an
alert threshold (also likely) but the exact levels are uncertain. The definition of good (and bad) air quality and the associated
alerts are application dependent. Sensitivity analysis is a technique used to determine how the variation in uncertainty in the
output of a model can be apportioned, qualitatively or quantitatively, to different sources of uncertainty in the input of the model.
Synthesis of uncertainty quantification methods provides quantitative evidence to support the adopted predictive analytics and
data-driven decision-making framework.

6. Result

Al-based predictive analytics models were instantiated for urban air quality monitoring across different scales of the data
landscape and the model design space. Statistically robust and machine-learning-based methods were compared for predictive
accuracy and forecasting interpretability. While these two paradigms belong to different traditions, the former serving an
experimental science and the latter a data-driven engineering approach, they may converge in areas of real-world practical
decisions. The most sensible choice of model depends on how the results are meant to be applied, and these research questions
provide the anchoring for feature engineering and algorithm selection.

Consider the selection of urban air quality-predictive models. The classical framework uses historical concentration data to model
the correlations and further provide predictions, but is poor at capturing nonlinear relationships. A weather station network in
Singapore is used to predict one-hour-ahead air pollutant concentration. Because data are generated at different locations, a
distributed model suited for sensor networks is further developed for PM2.5 prediction in Beijing. A random forest regression
model is tested with physical-chemical features and daily meteorological data to predict ground-level ozone concentrations in the
Guangdong-Hong Kong-Macau Greater Bay Area. A boosted tree-based model is employed to predict spatiotemporal PM2.5
concentrations, while PM10 concentrations are predicted by a support vector machine. The prediction models require more
pollutant-specific tuning and evaluation procedures compared to AV-APT.
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6.1. Megacities and High-Density Urban Cores

The modeling framework allows fine-grained temporal and spatial predictions for PM2.5, NO2, and O3 over an urban air quality
sensor network in a megacity and for PM10, CO, and SO2 predictions at a mid-sized city with a lower-density monitoring
network. The results reveal significant temporal trends, spatial disparities across districts, and different pollutant profiles,
population exposure levels, and predictive quality. In both contexts, the new Al models perform better than traditional statistical
alternatives and transfer or can be adapted for real-time predictions at smaller cities.

Conventional predictive analytic methods are based on the assumption that the cumulative volume of observed data is sufficient
to estimate future partial probabilities. The increasing density of urban sensor networks opens avenues for predictive learning, yet
supervised learning is often limited by interpretability concerns. Such trade-offs are addressed by aligning choice of learning
paradigm with the desired analytic objectives. Predictive performance is not necessarily improved by classic machine learning
techniques and the accompanying decrease in interpretability. Supervised learning methods are selected based on completeness of
learning targets, suitability of anticipated feature-engineering paths, and actual pragmatic worth in supporting real-world
decisions.

6.2. Mid-Sized Urban Areas

Awvailable evidence indicates that these prediction models are usable in areas with lower air quality monitoring data density and
that their predictive accuracy is comparable to that of methods traditionally employed in these regions. Although performance
metrics are weaker than in a megacity core, the models exhibit sufficiently high predictive skill to support urban management,
provide risk alerts, and inform the public. These contributions arise from the use of remote sensing data as proxies of urban
activities that influence air pollutant concentration forecasts. Indeed, beyond capturing seasonal patterns—sized area-specific
models may incorporate non-linear functions of land surface temperature or NDV1 and better reflect the activity intensity-impact
relationships sought in learning from the data—such variables also allow predictions for places without dense social media
posting histories. Adapted to areas with moderate data density, the methodology maintains a similar modeling setup based on
supervised learning model selection and temporal validation.

Despite the expected dependence of machine-learning models on training set coverage, three additional aspects favor dataset
transferability across cities. First, the underlying physics of air pollution remain the same. Second, a broad set of predictors is
considered, possibly encompassing elements relevant to smaller cities not represented in learning samples. Third, there is a
growing base of studies correlating air pollutant concentrations with urban structure or activity at mid-sized city locations.



Therefore, in agreement with the ensemble of studies, these machine learning models are likely adaptable, provided that a
suitable data-driven learning engine is identified to train them at the intended place of application.

7. Deployment Considerations and Governance

The development of predictive models represents only one facet of a monitoring solution's complete technical ecosystem. Models
must be made operational and integrated into a real-time decision-making architecture that assists urban managers in
systematically identifying and minimizing health threats. A city service department, for example, could receive projections of air-
quality conditions for the following two to three hours along with recommendations about which neighborhood to pay special
attention to. Hazardous-alert thresholds must be defined a priori for all monitored locations of interest to trigger timely proactive
measures when pollution concentrations are predicted to exceed them. Such windowed alerts would also serve to inform the
general public and sensitive subgroups within it.

The installation of a real-time alert system represents only the first step toward integrating predictive models into the decision-
making process. The communications architecture must provide guidance on what types of actions should be taken and by whom
in order to mitigate the projected pollution situation. When served at coarser scales (e.g., citywide), the predictive model outputs
could instead act as a support-tool for urban service layers responsible for the maintenance of air quality (e.g., urban fire brigade
in charge of controlling situation that could generate extreme haze episodes). City management guidelines, preventive measures,
and risk-communication schemes must therefore be documented and regularly updated to enable accurate forecasting of the
potential city services response.

7.1. Real-Time Monitoring and Alert Systems

Operational deployment of predictive analytics models for urban air quality necessitates careful consideration of appropriate
governance mechanisms across various components. End-user applications, including real-time monitoring and automated alert
systems, represent the origin of most demand for model-based decision support. In large cities with a high density of data sources
from air quality sensor networks, an obvious first step is to follow such systems. Typically employing single-pollutant models
with an alarm threshold, these systems automatically generate alerts for high-concentration episodes. In combination with a
robust evaluation of the model uncertainty, predictive information can serve to inform both the public and city services.

In the latter case, the models can be applied in an integrated approach that incorporates real-time air quality forecasts together
with the predictive information from weather forecasts. Here, the objective is to combine data sources and prediction systems to
monitor various urban conditions simultaneously, with a focus not only on air quality problems but also on human health, safety,
infrastructure, and city services. Indeed, information from multiple areas can be included in the data-driven analysis, providing
decision-support indications that span across disciplines and sectors, such as health advisories for the public and alerts for city
services on intense rainfalls, floods, high pollution concentrations, heat waves, and cold spells.
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7.2. Privacy, Ethics, and Community Engagement

Private, sensitive, and personalized data about citizens and their daily lives are disclosed during urban air quality monitoring.
Even though these data are generated through voluntary sharing and they are anonymized, there is a high risk of individuals being
identified. Urban air quality monitoring using big data is often a digital environment for urban data collection in the past or real-
time. Open city services are an increasing reality, and urban authorities or teams responding to city management through platform
data interchange must ensure that the data of the citizens are taken care of and protected. Even if unconsented data are used for
government purposes, data in cities are best collected through citizens volunteering to share their open data set of a city.
Volunteered geographic information is in the rooting of human-assisted development but may have no value for community
members in the discussions. The Ethics, Legal and Social Aspects of the system should ensure the essential components for data
protection. The delegation of the decisions to support for privacy, ethics, and community engagement should go hand-in-hand
with those supporting and managing real-time operation.

Indeed, monitoring the air quality conditions of a city is an important open data set that allows informing citizens to protect from
pollution. In such a way, detecting air quality using big data and sharing this important information could be seen as an important
contribution for researchers and the community helping to portray the society for digitalized air quality. The technology may be
helpful to gather other views from environmental planners for short-term alerts and preparedness as natural hazards. When
chances for a group of academics are opened to coastal TD-SMR technology where solid state storage will be related, it will
enable the positioning continuous monitoring and detection for small-scale public holidays and events.

8. Conclusion

The advance of artificial intelligence (Al) is transforming the design and implementation of predictive models, and a research
project suggests the potential for Al-based predictive analytics systems for urban air quality monitoring. Building on Hazardous
Air Pollution analysis, the primary objective is the development of a set of predictive analytics models capable of delivering daily
predictions of six key air pollutants (O3, PM2.5, PM10, SO2, CO, NO2) at the city-district scale for three types of urban areas:
megacities and areas with very high population density levels; mid-sized cities; and other urban areas with lower-density or
smaller population levels.



The empirical evidence needed to support the predictive-analytics model performance and potential for operational use is
provided in two ways. A comprehensive evaluation of Al-based predictive-analytics performance is compared to traditionally
used statistical techniques. The location of a sensor network is often dictated by the location of a public monitoring station, which
makes it difficult to judge transferability. A second data-centric approach therefore explores the transferability of Al-based
predictive-analytics training to different districts in the same megacity (Delhi) as well as other Indian cities. The results increase
Al-enabled predictive analytics development confidence for major urban areas.

Pollutant Why monitored AR GEErE e Avrticle role
concern
PM2.5 Fine particulate pollution Cardlo.puln'wonary disease and | Key prediction target in
mortality risk dense urban cores
Exoosure and requlator Target for mid-sized city
PM10 Coarser particulate pollution P 9 y forecasting and exceedance
exceedance alerts e
monitoring
NO2 Traffic-related urban Respiratory burden and Forecast target in city core
pollutant exposure mapping monitoring
03 Secondary pollutant / smog Respiratory admissions, Risk-of-exceedance indicator
component asthma, alerts and forecast target
Cco Combustion-related pollutant | Air-quality episode indicator Included in city-level
P quality ep pollutant set
502 Sulfur-related pollutant Irritation and episode Included in routine
monitoring predictive framework

Table : Key pollutants and their monitoring role summarized from the article.

9. List of important References
Al-Based Predictive Analytics Models for Urban Air Quality Monitoring Using Big Data
Case study Components

The proposed research project encompasses four interacting components. The first develops a real-time architecture for air
quality monitoring in megacities and dense urban cores, relying on multiple data sources to achieve spatio-temporal completeness
and facilitating the exploration of process dynamics. The second focuses on predictive modeling for mid-sized cities, where the
spatial resolution afforded by chemical transport models can be leveraged to address data scarcity. The third integrates data from
sensor networks, remote sensing observations, and emissions inventories to close the data gap in time and space. A last
component establishes robust procedures for data-quality evaluation and preprocessing.

Data integration

Data from ground-based sensor networks and chemical transport models, remotely sensed surface-retrieved fields, and emission-
distribution inventories are combined. The sensor-based networks provide very dense spatial coverage but are limited to selected
areas. Chemical transport models resolve regional and city-scale features but display coarser resolution, particularly in urban

centres. Satellite retrievals enable spatial coverage even for remote regions, thus offering the potential to scale air quality models
from mid-sized cities up to megacities and high-density cores. Properly integrated, the different inputs can be used to efficiently



address land-air exchange accuracy at any arbitrary spatio-temporal resolution and hence ascertain the spatio-temporal dynamics
of the land—-atmosphere interface.
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