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Abstract: Air pollution remains a pressing global issue, presenting serious threats to environmental sustainability and
public health. This systematic review examines the application of machine learning (ML) techniques for predicting periods
of elevated air pollution between 2016 and 2023, guided by the preferred reporting items for systematic reviews and meta-
analyses (PRISMA) framework. The review encompasses a range of ML approaches-including classical algorithms,
deep learning, ensemble methods, and hybrid models-evaluating their performance in improving prediction accuracy.
Particular attention is given to the role of key pollutants, such as nitrogen oxides (NOy), and localized emission sources
in influencing model outputs. While deep learning techniques effectively capture complex temporal patterns, ensemble
and hybrid models demonstrate superior robustness and adaptability, especially in modeling spatial heterogeneity. Despite
these advancements, notable challenges persist, including high computational requirements, limited generalizability across
regions, and issues with data quality. By tracing the progression of ML applications in this field, the review synthesizes
current achievements, outlines existing limitations, and offers strategic recommendations to enhance model scalability,
interpretability, and practical deployment. The findings aim to guide researchers, policymakers, and environmental
practitioners in advancing accurate and actionable air pollution forecasting through machine learning.
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1. Introduction

Air pollution stands as a complex and urgent global concern, originating from a diverse array of anthropogenic
activities that encompass industrial emissions, vehicular traffic, agricultural practices, and energy production [1, 2].
This intricate interplay of human activities contributes to the dynamic spatial and temporal distribution of air pollutants
significantly, posing formidable challenges for effective air quality management. The extent and complexity of this
issue are underscored by the complex relationship of meteorological conditions, geographical features, and atmospheric
chemistry, each playing a distinct role in shaping the patterns of air pollution [3, 4].
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The pervasive nature of air pollution unfolds into far-reaching consequences for both human health and the
environment, creating a complex nexus of interconnected challenges. Human exposure to pollutants such as fine
particulate matter (PM2.5), ozone (O3), and nitrogen dioxide (NO,) has been linked to a spectrum of health problems,
encompassing respiratory diseases, cardiovascular complications, and premature mortality [5—7]. Beyond its direct impact
on human health, air pollution significantly contributes to broader environmental challenges, playing a pivotal role in
climate change, biodiversity loss, and disruptions in ecosystems. This emphasizes the multifaceted and global nature of
the challenge, requiring comprehensive and integrated approaches for effective mitigation and management [1, 8, 9].

In response to the urgent imperative to address the adverse effects of air pollution, a substantial body of research
has been dedicated to assessing, modeling, and forecasting air pollution levels. This research becomes particularly
crucial during high pollution periods, driven by dynamic factors such as weather conditions and pollutant sources, which
contribute to the variability and intensity of air pollution events [3, 10]. Within this intricate context, machine learning
emerges as a promising and innovative approach, showcasing its capability to capture intricate patterns and dynamic
interactions within air pollution data. The adoption of machine learning techniques holds the promise of significantly
enhancing the accuracy of air quality predictions, providing valuable insights for effective mitigation strategies and policy
development [11-13].

The significance of accurate air quality predictions is underscored by their potential to mitigate the health risks
associated with air pollution. High pollution periods, exacerbated by factors such as weather conditions and pollutant
sources, necessitate precise forecasting to minimize health risks and environmental damage. In this critical context,
the integration of machine learning techniques becomes instrumental, given its ability to unravel complex patterns
within air pollution data, providing a sophisticated understanding of the underlying dynamics. Machine learning, thus,
stands as a valuable tool for improving predictions and interventions during these crucial periods, contributing to more
effective strategies for public health and environmental management [11, 12]. The synthesis of interdisciplinary research
efforts, merging environmental science with advanced computational methodologies, marks a transformative step toward
addressing the multifaceted challenges posed by air pollution on a global scale.

1.1 Background and motivation

The pervasive and detrimental impacts of air pollution on human health and the environment underscore an urgent
need for comprehensive research and effective strategies. As highlighted in the existing literature, air pollution not only
poses significant health risks, contributing to respiratory diseases, cardiovascular problems, and various adverse health
outcomes, but also exerts adverse environmental effects, including contributions to climate change, biodiversity loss,
and ecological imbalances. This complex and urgent global issue necessitates a thorough exploration of its multifaceted
consequences, requiring interdisciplinary efforts to understand and address the intricate dynamics leading to high air
pollution events [3, 4, 8].

The recognition of air pollution as a complex challenge has prompted a multidisciplinary approach, acknowledging
the interconnectedness of human activities, meteorological conditions, and geographical features that contribute to its
occurrence. Scholars have underscored the need for robust methodologies and innovative techniques to navigate the
intricacies of air quality management, emphasizing the importance of integrating diverse perspectives and expertise in
addressing this global challenge [14, 15].

Within the realm of environmental research, there is a notable trend towards the increasing prominence of
computational methods in understanding and addressing complex challenges. Machine learning techniques, in particular,
emerge as a promising avenue in this endeavor. These techniques offer the potential to enhance the accuracy of air
quality forecasts and identify key factors driving air pollution. The integration of machine learning and diverse data
sources provides significant potential for forecasting air pollutant levels, with direct implications for informed decision-
making and policy development. This aligns with broader efforts to harness technological advancements for more effective
environmental management and protection [15, 16].

A critical examination of the existing body of work reveals notable gaps characterized by diverse machine learning
methods, data sources, and geographic scopes. The current state of knowledge in air pollution estimation using machine
learning reflects the complex nature of the phenomenon and the diverse contexts in which it occurs. Discerning the most
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effective machine learning techniques for air pollution prediction and understanding how factors like weather conditions
and pollutant sources impact model accuracy become crucial aspects addressed by this systematic literature review.
Additionally, the identification of limitations in current research is fundamental for guiding future studies and refining
methodologies. This systematic review aims to provide a cohesive and critical analysis, offering insights that contribute
to the advancement of knowledge in air pollution estimation and the application of machine learning in this domain.

1.2 Research problem and objectives

The central research problem addressed in this literature review is to identify and assess the most effective machine
learning techniques for predicting high air pollution periods and to explore how these techniques can be applied to enhance
air quality forecasts.

To address this problem, the following specific research objectives have been defined:

* To identify and categorize the machine learning techniques utilized in the literature for predicting high air pollution
periods.

* To evaluate the accuracy and effectiveness of these machine learning techniques in air quality forecasting.

* To understand the impact of pollutant sources on the performance of machine learning models in predicting high
air pollution events.

* To identify the limitations and gaps in the existing research and suggest directions for future studies to improve air
pollution predictions using machine learning techniques.

1.3 Structure of the paper

This paper is organized into several sections to comprehensively address the research problem and objectives. The
subsequent sections include a review of the related literature, categorizing machine learning techniques for air quality
prediction and assessing their strengths and weaknesses. The literature review also discusses the impact of factors such
as pollutant sources on model accuracy. Furthermore, it highlights the limitations in existing research and provides
suggestions for future studies.

The paper concludes with a summary of the main findings and their implications for enhancing air quality
management. The systematic nature of this literature review ensures a rigorous examination of the current state of research
in machine learning applications for air pollution prediction, offering valuable insights for researchers, policymakers, and
environmental practitioners.

2. Air pollution and its impact

Air pollution, a multifaceted environmental challenge, has been extensively explored through diverse studies focusing
on distinct facets of its definition, types of pollutants, health and environmental repercussions, and the pivotal aspect of
predicting high pollution periods. A comprehensive review of selected studies provides valuable insights into the complex
nature of air pollution.

2.1 Definition and categorization of air pollutants

Air pollution is characterized by the presence of deleterious substances in the atmosphere. As posited by Bai etal. [3],
air pollutants manifest in various forms, broadly categorized into particulate matter (PM), nitrogen oxides (NOy), sulfur
dioxide (SO;), carbon monoxide (CO), ozone (O3), and volatile organic compounds (VOCs). These pollutants emanate
from diverse sources, including vehicular emissions, industrial processes, and natural origins (see Table 1).
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Table 1. Air pollutant categories, specific pollutants, major sources, and relevant references

Air pollutant category Specific pollutants Sources References
Particulate matter (PM) PM2.5, PM10, Particle Vehicular emissions, 1nflqstr1al processes, [17]
surface area (SA) natural origins
. . Vehicular emissions, industrial processes,
Nitrogen oxides (NOy) NO, natural origins [18]
Sulfur dioxide (SO») S0, Vehicular emissions, mgh}strlal processes, [18]
natural origins
Carbon monoxide (CO) co Vehicular emissions, industrial processes, [18, 19]
natural origins
Ozone (03) 0s Vehicular emissions, mdgstrlal processes, [17]
natural origins
Volatile organic compounds (VOCs) } Vehicular emissions, industrial processes, [20]

natural origins

Table 2. Health and environmental impacts in air pollution

Aspect Study

Effect

Key findings

He etal. [10]
Lee et al. [6]
Zou et al. [21]

Health impacts

Lee et al. [22]

Zhang et al. [23]

Respiratory and cardiovascular
diseases

Asthma-related hospital visits and
admissions

Public health impacts during
wildfires

Attribution of PM2.5 sources and
seasonal variability

Ozone pollution

PM2.5 exposure linked to respiratory and
cardiovascular diseases.

NO; and CO significant contributors to
asthma-related outpatient visits and hospital
admissions.

Machine learning models predict PM2.5 levels
during wildfires, addressing public health impacts.

Attribution of PM2.5 sources in Ulsan, South Korea,
providing a nuanced understanding of health impacts
and seasonal variability.

Exploration of summer surface ozone pollution
patterns in China, offering insights into the health
impacts of ozone pollution and the need for nuanced
strategies.

Yang et al. [24]

Tuluri [5]

Environmental impacts

Essamlali et al.
[25]

Ngom et al. [26]

Mahalingam et al.

(18]

Ecosystems, climate change, and
air quality

Dynamic nature of air pollution

during lockdown

Climate change, air pollution, and
urban sustainability

High air pollution in large cities

Urban air quality management

Proposal of environmental impacts, including effects
on ecosystems, climate change, and overall air
quality.

Changes in air quality during COVID-19 lockdown,
demonstrating fluctuations in pollutant
concentrations and highlighting air pollution’s
dynamic nature.

Inter-correlation of climate change, air pollution, and
urban sustainability. Machine learning and spatial
information science used to underscore the
importance of climate variables in air quality
prediction.

Proposal of an approach combining system
observations, multi-agent simulation, and machine
learning to address high air pollution in large cities,

emphasizing environmental impacts in densely
populated urban areas.

Emphasis on the significance of air quality in urban
management, introducing a machine learning model
for predicting the air quality index (AQI).
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2.2 Health and environmental consequences of air pollution

Air pollution has been extensively studied, with scholarly literature highlighting its deleterious effects on both human
health and the environment. Various studies employ diverse methodologies, including machine learning models, to
comprehend the multifaceted impacts of air pollution. This overview synthesizes key findings from recent research,
providing insights into the health and environmental consequences associated with air pollution as displayed in Table 2.

2.3 Importance of predicting high pollution periods

In light of the detrimental impacts associated with air pollution, the anticipation of elevated pollution periods assumes
critical importance in the realms of public health and environmental stewardship. Razavi-Termeh et al. [27] posit that
precise forecasting enables the timely implementation of pollution control measures. The methodology proposed by Hu
et al. [28], known as WRFC-XGB, for gauging ozone concentrations, underscores the potential advantages of predictive
models in evaluating air quality.

Furthermore, Gocheva-Ilieva et al. [15] emphasize the importance of forecasting by amalgamating independent ex-
ante data sources with machine learning techniques. Their investigation in Pernik, Bulgaria, illustrates that an averaging
strategy for forecasts outperforms singular models, suggesting the potential of advancements in air pollution forecasting.

Son et al. [4] propose a deep learning-based method to estimate surface PM2.5 concentrations utilizing data from
the TROPOMI instrument. The study successfully captures spatiotemporal variations, underscoring the significance of
predicting elevated pollution periods, particularly during events such as fires that exert a substantial impact on air pollution.
The research highlights the role of carbon monoxide and the repercussions of fires on air pollution, contributing to a
comprehensive understanding of high pollution events.

Gu et al. [29] introduce a hybrid machine learning model for predicting particulate matter 2.5 (PM2.5), emphasizing
enhanced prediction accuracy, especially during peak values. The study underscores the importance of predicting elevated
pollution periods for specific air pollutant types, offering insights into factors contributing to peak pollution events.
Predicting high pollution times is vital for public health and the environment. The studies highlight the importance of
precise forecasting, especially during events like fires. Improved prediction methods play a crucial role in implementing
effective pollution control measures. The collective findings stress the need for ongoing efforts to enhance our ability to
anticipate and address elevated pollution periods.

2.4 Machine learning in air pollution estimation

This review delves into the current landscape of machine learning applications in the estimation of air pollution,
synthesizing insights from a range of recent studies. The exploration is organized into three main sections: an overview
of machine learning, applications of machine learning in environmental science, and the specific relevance of machine
learning in predicting high air pollution periods.

2.5 Overview of machine learning

Machine learning has emerged as a powerful tool in environmental science, offering novel approaches for understand-
ing and predicting air pollution. The works of Bai etal. [3] and He et al. [10], among others, contribute to a comprehensive
understanding of the diverse machine learning techniques employed in this domain, as shown in Table 3.

2.6 Applications of machine learning in environmental science

In the realm of environmental science, machine learning has become a valuable tool for understanding and tackling
air pollution challenges. This exploration dives into a set of studies from various global locations, showcasing the diverse
applications of machine learning in the context of air quality research (see Table 3).
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Table 3. Overview of machine learning applications in air quality research

Study

ML application

Key findings

Practical implication

Geographical focus

[3]

[10]

[27]

[28]

[24]

[30]

(3]

[15]

[20]

(6]

[17]

[31]

[32]

[21]

(1]

[33]

Air pollution forecasting

Daily adaptive modeling
framework for PM2.5
pollution

Ensemble ML algorithms
for asthma-prone areas

WRFC-XGB method for
ozone concentrations

Analysis of atmospheric
pollution in Shanghai

Two-dimensional
visibility estimation
model

Impact of COVID-19
lockdown on air quality

Novel approach for
forecasting air pollutants

PM2.5 concentration
prediction model

Association between air
pollutants and hospital
visits

Estimating reduction in
PM2.5 during COVID-19
lockdown

Ensemble model for daily
PM2.5 prediction

Developing air pollutant
proxies using ML

Wildfire smoke and
PM2.5 prediction

Forecasting air pollution
in Taiwan

ML for predicting
traffic-related air pollution
in Toronto

Comprehensive overview of
forecasting methods; lacks specific
ML recommendations

High accuracy in mapping PM2.5;
limited geographical focus on
China

AdaBoost superiority in spatial
modeling; restricted focus on
Tehran

High accuracy in
Beijing-Tianjin-Hebei region;
limited regional applicability

O3 identified as primary pollutant;
exclusive focus on Shanghai

Innovative random forest (RF) and
geostatistics combination;
emphasizes input variables’
significance

Effective use of air quality and
weather data; incomplete content
with missing information

RF and Arc-x4 combination;
averaging strategy outperforms
single models

Convolutional neural network
(CNN)-RF ensemble for accurate
predictions; lack of in-depth
exploration of potential limitations

NO, and CO identified as
significant pollutants; time lags
highlighted

RF, support vector regression
(SVR), and artificial neural
network (ANN) used for PM2.5
prediction; significant decrease
during lockdown

Eftective in predicting day-to-day
changes; spatial variability
predictions less accurate

Bayesian neural network for
creating pollutant proxies; lacks
explicit disadvantages

Public health impacts of wildfire

smoke; effectiveness of random

forest model; significant health
impacts emphasized

Superiority of ML models over
traditional methods for PM2.5
concentration forecasting; valuable
insights into air pollution
prediction

Comparison of ML models (ANN,
gradient boost) with LUR
approaches; ML models
outperform LUR; potential of ML
in air quality prediction

Enhancing understanding of
diverse forecasting approaches

Improved mapping and assessment
of PM2.5 pollution

Identifying influential factors in
asthma-prone areas

Accurate estimation of
near-surface ozone concentrations

Coordinating control measures for
atmospheric pollution

Enhancing visibility estimation
using RF and geostatistics

Assessing the impact of mobility
restrictions on air quality

Advancements in air pollution
forecasting using novel approach

Stable and accurate PM2.5
concentration prediction model

Identifying significant pollutants
affecting hospital visits

Demonstrating the potential of ML
for air pollution exposure
assessment

Creating pollutant proxies with
prediction uncertainty assessments

Creating pollutant proxies with
prediction uncertainty assessments

Utility of analytical tools for
estimating air quality changes
during natural hazards

Improved air pollution prediction
using ML models

Potential of ML in air quality
prediction

China

Tehran

Beijing-Tianjin-Hebei
region

Shanghai

Mississippi, USA

Pernik, Bulgaria

Kaohsiung, Taiwan

Seoul, South Korea

Yangtze River Delta
during the COVID-19
pandemic

Greater London

Taiwan

Toronto, Canada
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Table 3. (cont.)

Study ML application

Key findings

Practical implication

Geographical focus

Physics-informed
multi-task deep neural
[34] networks (DNN) for
satellite-based air
pollutant retrieval

Deep learning for surface

[4] PM2.5 estimation in
Thailand
[29] Hybrid ML model for

PM2.5 prediction

ML for predicting PM2.5

[35] concentrations in China

Spatial-temporal changes
[71 in air pollution in the
Pearl River Delta

[23] Co-pollution of O3 and
PM2.5 in Hainan Province

Sources of high PM2.5 in

(22] Ulsan, South Korea
GD-GRU for repairing
[36] environmental data in
Guilin
[37] Improvement in air
quality in Beijing

Daily NO, concentrations
[38] in Chinese urban
agglomerations

Non-linear relationship
[39] among O3, SOA, and
VOCs in Tianjin

Impact of surface water
[12] bodies on PM2.5 in
Delhi-NCT

[40] Air quality analysis in
Hanoi during winter

Simultaneous estimation of
multiple air pollutants; improved
efficiency and accuracy compared

to single-pollutant methods

Estimation of surface PM2.5 using
TROPOMI data; outperformance
of other ML models; influence of
carbon monoxide and fires on air

pollution highlighted

Improved prediction accuracy,
especially for peak values;
emphasis on interpretability;
outperformance of other models

Use of RF models to predict PM2.5
concentrations; identification of
significant contributing factors to
air pollution events

Analysis of air pollutants and
meteorological factors;
identification of seasonal
variations and areas susceptible to
meteorological factors

Machine learning to explain NOy
role in co-pollution; shift in O3
formation due to NOy
concentrations; impact of local
industrial activities highlighted

Identification of sources during
winter and summer; influence of
local emissions, long-range
transport, and secondary formation
emphasized

Use of GD-GRU for data repair;
higher accuracy in predicting
extreme values; better prediction of
PM2.5 concentrations compared to
other models

Analysis of ABC decline in Beijing
from 2015 to 2020; attribution to
local emission reductions and
regional transport reduction

LME model using TROPOMI
products for NO, estimation;
outperformance of other models;
identification of pollution hotspots
and anomalies during COVID-19
lockdown

ML to identify impact of specific
VOCs on O3 and SOA formation;
analysis of photochemical
consumption of VOCs

ML models predict PM2.5 levels;
significant effect of water bodies
within 3 km in reducing PM2.5
concentration

Classification of winter days based
on local winds and AOD values;
nuanced understanding of cold
surges’ impact on PM2.5 levels

Improved modeling efficiency and
accuracy using multi-task DNN

Better estimation of high PM2.5
concentrations using deep learning

Improved accuracy and
interpretability in PM2.5 prediction

Insights into factors contributing to
air pollution events

Insights into urban air pollution
control based on spatial-temporal
analysis

Reduction of NOy emissions could
help control O3 and PM2.5
pollution

Insights for improving PM2.5
management policies based on
source attribution

Improved accuracy in predicting
extreme PM2.5 values using
GD-GRU

Emphasis on regional collaboration
for controlling air pollution

Identification of pollution hotspots
and anomalies during COVID-19

Insights into Oz and SOA
formation based on specific VOCs
impact

Actionable measures for air quality
enhancement

Nuanced understanding of cold
surges’ impact on PM2.5 levels

Mainland China (2019)

Thailand (2018-2020)

China

Pearl River Delta, China
(2006-2019)

Hainan Province, China
(wintertime)

Ulsan, South Korea

Guilin, China

Beijing, China
(2015-2020)

Chinese urban
agglomerations
(2018-2020)

Tianjin, China

Delhi-NCT, India

Hanoi, Vietnam
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Table 3. (cont.)

Study

ML application

Key findings

Practical implication

Geographical focus

[41]

[42]

(1

[43]

[44]

[45]

[46]

[47]

(48]

[49]

[50]

[51]

[52]

[53]

[54]

Air pollution in Beijing
during COVID-19 and
Olympics

Long-term particle
surface area
concentrations in China

Evolution of summer
surface ozone pollution
patterns

Pollution characteristics
and source origins in
Xinxiang

Inter-correlation of

climate change, air

pollution, and urban
sustainability

Air quality prediction for
urban environments

Air pollution levels in
Sakarya, Turkey

Air pollution estimation
and regional
characteristics

Low-cost sensor devices
for monitoring particulate
matter

MLP neural network to
estimate aerosol acidity
for PM2.5

Low-cost portable sensors
for air quality monitoring

Time-series analysis of
SO, in Tehran, Iran

Air pollution estimation in
Chennai

Predicting AQI in Delhi

Metropolitan air pollution
estimation in Sydney

Identification of non-linear effects;
need for collaborative emission
reduction strategies

Insights into spatial heterogeneity
and variations in SA
concentrations; focus on heavy
pollution periods

Identification of dominant patterns
and their associations in China

Detailed analysis of seasonal and
diurnal variations; valuable
information for designing strict
control measures

Importance of climate variables in
air quality prediction; promising
for early warning mechanisms

Accuracy of hybrid models in
predicting air quality index (AQI);
significant advantage in model
performance

Performance of deep learning
models (long short-term memory
(LSTM) and bidirectional long
short-term memory (Bi-LSTM)) in
estimating daily CO concentration

Deep learning models for region
classification and AQI estimation;
valuable tools for accurate air
quality assessment

Integration of monitoring
technologies and role of ML in
device calibration; reliable
screening of particulate matter

Effectiveness of MLP in estimating
aerosol acidity with high accuracy

Advantages and challenges of
crowd sensing and low-cost
sensors; importance of local
pollutant concentration and

mobility data

Box-Jenkins autoregressive
integrated moving average
(ARIMA) approach provides
valuable insights into SO, air
pollution factors

K-nearest neighbor method and
ML algorithms effectiveness;
emphasis on deep learning methods

Comparison of various ML
techniques for AQI prediction;
well-suited methods identified

HazeEst machine learning model;
application of support vector
regression (SVR); high spatial
resolution estimates

Insights into complex interactions
of meteorological conditions and
emission reductions on PM2.5
concentration

Valuable insights into spatial
heterogeneity and variations in SA
concentrations

Insights into ozone pollution
patterns in China

Valuable information for designing
strict control measures

Importance of climate variables in
air quality prediction

Accuracy of hybrid models in
predicting AQI

Reliable results for air pollution
modeling using deep learning
models

Accurate air quality assessment
using deep learning models

Reliable screening of particulate
matter using low-cost sensors

Insights into aerosol acidity
estimation using MLP

Empbhasizes the usefulness of
portable monitors

Valuable insights into SO, air
pollution factors

Emphasis on the effectiveness of
deep learning methods

Identifying well-suited methods for
predicting air quality

High spatial resolution estimates
using HazeEst model

Beijing, China

China

China

Xinxiang, North China

Sakarya, Turkey

Urban and indoor
environments

Tehran, Iran

Chennai, India

Delhi, India

Sydney, Australia

Volume 6 Issue 3]2025| 3191

Contemporary Mathematics



Table 3. (cont.)

Study ML application Key findings Practical implication Geographical focus
Prediction of emission rates using
: : various ML algorithms; . .
[55] _ Industrial pollution identification of Multi-layer Identification of the least B
impact on human health error-prone ML model
perceptron model as least
error-prone
SVR model utilizing historical data
[56] SVR-based model for air and wireless sensor network; more Potential benefits for researching Svdnev. Australia
pollution in Sydney accurate air pollution estimations air pollution-related diseases yaney.
than ANN
Models based on big data analytics
Predicting ground-level and cognitive computing; . . . .
[57] Ozone levels in Gauteng computationally efficient and Computational efficiency without Gauteng province, South
. o - . massive computational power Africa
province insightful without requiring
massive computational power
Establishment of a fine particulate
PM2.5 pollution in China matter network (FPMN) using IoT Reconstruction of a reliable
[58] using internet of things sensors; reconstruction of reliable regional field of PM2.5 China
(IoT) sensors regional field of PM2.5 concentration
concentration
- Introduction of “pg-Causality”, a
[59] Ii{j?r?trilfbilﬁ dﬁ;isfglr pattern-aided graphical causality Efficient identification of causal B
ying analysis approach; efficient pathways using “pg-Causality”
pathways . : ,
identification of causal pathways
Introduction of ”"Deep-AIR”
machine learning model with
8] Deep-AIR model for air hybrid CNN-LSTM structure; Identification of key predictors and Metronolitan areas
pollution estimation outperforms baseline models in outperformance of baseline models P
estimating and forecasting various
pollutants
: Comparison of six ML algorithms
[60] regilélt)i?lrvi%ill\i/r[}dg?lrsel for predicting AQI; highlighting Determining the most accurate Densely populated arcas
P 2 y strengths and weaknesses of each model for predicting AQI ¥y pop
populated areas .
algorithm
Introduction of ML model using
Neural networks and neural networks and support vector . .
[18] SVM for predicting AQI machines for predicting AQIL Improved prediction accuracy for Delhi and other smart
. . L urban AQI cities
in urban areas improved prediction accuracy for
Delhi AQI and other smart cities
Combination of system
Obtimizing pollution observations, multi-agent
plimizing p . simulation, and ML for Optimization of pollution
[26] monitoring networks in imilatine PM10 pollution data: P ks in L Dakar, Senegal
large cities assimilating P! pollution data; ~ monitoring networks in large cities
optimization of pollution
monitoring networks
Combination of three-dimensional
Spatiotemporal ljv?:ihsglgg g)riger?aa?gg?ég(gﬁ?) Accurate estimation of PM2.5
[61] distribution of PM2.5 in g g pollution using the “LTX” Shaanxi, China

Shaanxi, China

(XGBoost) and ML for optimizing
LUR modeling; accurate
estimation of PM2.5 pollution

approach

2.7 The relevance of machine learning in predicting high air pollution periods

Predicting high air pollution periods is a critical aspect of air quality management, and machine learning techniques
offer unique advantages in this regard. The studies of Gocheva-Ilieva et al. [15] and Abubakar et al. [62] exemplify the
potential of machine learning in forecasting such as air pollutant levels with high accuracy. Gocheva-Ilieva et al. [15]
emphasize the efficacy of combining independent ex-ante data sources with machine learning techniques, showcasing
advancements in air pollution forecasting. Chen et al. [20] present a novel PM2.5 concentration prediction model that
integrates convolutional neural network (CNN) feature extraction with random forest (RF) regression, demonstrating
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stability and accuracy in predicting day-to-day variations in PM2.5 levels and many other relevant studies as displayed in
Table 3.

Machine learning has become an indispensable tool in air pollution estimation, offering innovative solutions to the
challenges posed by the dynamic and intricate nature of environmental data. The reviewed studies collectively showcase
the diverse applications and strengths of machine learning in predicting high air pollution periods (see Table 3). However,
the existing literature highlights the need for a more comprehensive discussion of limitations and opportunities for future
research to ensure the robustness and generalizability of machine learning models in the context of air pollution estimation.

3. Methodology

In this section, we outline the systematic methodology used to identify, select, and analyze the relevant literature in
the field of estimating high air pollution periods through machine learning approaches. We have adopted the PRISMA
framework, a widely recognized guideline for conducting systematic reviews, to ensure the rigor and comprehensiveness
of our study.

3.1 Research questions and their descriptions

This section introduced the research questions and their descriptions in Table 4 below.

Table 4. Research questions and their corresponding descriptions

Research question Description

This question seeks to identify the most suitable machine learning

RQ1: What are the most effective machine learning techniques for techniques for predicting high pollution events. It focuses on
predicting high air pollution periods, and how can they be applied to exploring advanced forecasting methods, enhancing model accuracy
enhance air quality forecasts? and reliability, and providing insights into optimal implementation
practices.

This question examines how meteorological variables and emission
sources influence the performance of predictive models. It aims to
understand the interactions between environmental factors and
pollutants and how these affect model precision.

RQ2: How do specific factors, such as weather conditions and
pollutant sources, impact the accuracy of machine learning models in
predicting high air pollution events?

This question highlights the existing shortcomings in machine
RQ3: What are the limitations in the current research, and how can learning-based air pollution studies. It identifies methodological gaps
future studies address these gaps to improve air pollution predictions? and proposes directions for future research to strengthen the accuracy
and applicability of predictive approaches.

3.2 Inclusion and exclusion criteria

To ensure the relevance and consistency of the reviewed literature, specific inclusion and exclusion criteria were
defined according to the PRISMA framework. These criteria guided the selection of studies for inclusion in this review.
The following Table 5 outlines the criteria used for the selection of studies.
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Table 5. Inclusion and exclusion criteria

Criteria

Inclusion criteria

Exclusion criteria

Publication source

Research focus

Methodology detail

Language

Time frame

Peer-reviewed journals or conference proceedings

Estimation of high air pollution periods using
machine learning techniques

Clear description of machine learning algorithms
used

Written in English for accessibility and
comprehension

Publication within 2016 to 2023

Studies not published in peer-reviewed sources

Studies not related to air pollution estimation or
machine learning

Studies lacking sufficient information on
methodology

Studies in languages other than English

Publication outside 2016 to 2023

3.3 Search and selection process

The following steps were taken, following the PRISMA guidelines, to identify and select relevant literature.

3.3.1 Database search

A comprehensive search was conducted on reputable academic databases and search engines, including Springer
Link, IEEE Xplore, Elsevier, and MDPI as displayed in Figure 1. The search string used included “air pollution” or
“polluted air” or “air quality” or “environmental pollution” and “Machine Learning” or “Artificial Intelligence” and

“Estimation” or ‘“Prediction”.
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Figure 1. Search databases used for the literature review
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4. Literature review
4.1 Machine learning techniques for air quality prediction

Example 1: Artificial neural networks (ANNs) are widely used for air quality prediction [17, 33]. Lu et al. focused
on estimating the reduction in PM2.5 concentration in the Yangtze River Delta during the COVID-19 pandemic lockdown,
utilizing ANN and comparing it with random forest (RF) and support vector regression (SVR) [17]. In contrast, Wang et al.
[33] explored machine learning for predicting traffic-related air pollution, comparing ANN and gradient boosting models
with traditional land use regression (LUR) approaches. Both studies found that ANN is highly effective in predicting air
quality, with robust performance in various contexts.

Example 2: Most air quality prediction studies focus on PM2.5 concentrations due to its significant health impact
[4, 10]. Several studies, such as those conducted by A, B, and C, demonstrate that PM2.5 serves as a critical predictor for air
quality, especially in urban settings where its levels fluctuate significantly due to industrial, vehicular, and meteorological
factors.

The study by Zhang [8] contributes notably to the field of air quality prediction by introducing the “Deep-AIR” model,
which combines domain-specific features and a hybrid CNN-LSTM structure. This model outperforms baseline models,
emphasizing the potential of advanced machine learning techniques for more accurate and fine-grained air pollution
estimation [8].

He et al. [10] proposed a two-stage daily adaptive modeling framework tailored for PM2.5 pollution mapping,
which demonstrated high accuracy. However, the study’s geographical focus on China raises questions about the
broader applicability of the framework, suggesting that further research could explore its generalizability to other regions.
Additionally, the paper could benefit from a more thorough discussion of potential limitations and avenues for future
improvements.

Wang et al. [39] investigated the complex non-linear relationships between ozone (O3), secondary organic aerosol
(SOA), and volatile organic compounds (VOCs) in Tianjin, China, using machine learning models to pinpoint the impact
of specific VOCs on O3 and SOA levels.

Bamrah et al. [47] focused on regional air pollution estimation and AQI prediction, emphasizing the importance of
incorporating local environmental factors. Their use of deep learning models for region classification and AQI estimation
showcases the utility of advanced machine learning in improving regional air quality assessments.

Chen et al. [20] presented a novel approach for PM2.5 concentration prediction by integrating convolutional neural
network (CNN) feature extraction with random forest (RF) regression. Their model demonstrated both stability and
accuracy, outperforming conventional methods in predicting air pollution levels.

Razavi-Termeh et al. [27] used ensemble machine learning algorithms to identify asthma-prone areas and influential
factors, concluding that the AdaBoost algorithm was particularly effective in spatial modeling.

Lee et al. [6] investigated the relationship between air pollutants and hospital visits by asthma patients in Seoul,
South Korea, applying both statistical and machine learning techniques to analyze healthcare data and air quality levels.

Dong et al. [38] utilized satellite-based data to estimate daily NO, concentrations in Chinese urban agglomerations,
introducing a linear mixed-effects model (LME) that surpassed other models in predictive accuracy.

Zaidan et al. [32] employed mutual information and a Bayesian neural network to develop air pollutant proxies,
specifically for ozone concentration estimation, highlighting the model’s efficacy in atmospheric monitoring.

Doreswamy et al. [11] applied machine learning regression models to predict PM2.5 concentrations using Taiwan
Air Quality Monitoring data, providing valuable insights into the use of machine learning in air pollution forecasting.

Wang et al. [33] focused on predicting traffic-related air pollution by comparing machine learning models like ANN
and gradient boosting with traditional land use regression (LUR), emphasizing the potential of machine learning to refine
air quality prediction in urban areas.

Yang et al. [24] introduced a multi-task deep neural network that is physics-informed for satellite-based retrieval of
multiple air pollutants. This approach demonstrated enhanced modeling efficiency and accuracy, marking a significant
step forward in air pollution modeling Son et al. [4] proposed a deep learning-based approach for estimating surface
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PM2.5 concentrations by incorporating atmospheric gas species, demonstrating superior performance compared to other
machine learning models.

Caquilpan et al. [48] explored low-cost sensor devices for particulate matter monitoring, focusing on integrating
machine learning techniques to improve the calibration of these sensors for more accurate pollution measurements.

Tao et al. [49] utilized a multilayer perceptron (MLP) neural network to estimate acrosol acidity for fine particles
(PM2.5), showcasing the model’s effectiveness in accurately predicting aerosol properties and their relationship with air
quality.

These studies highlight the growing reliance on machine learning techniques, particularly deep learning and ensemble
methods, to address the challenges in air quality prediction, especially for PM2.5 concentration estimation. As the field
continues to evolve, further exploration of hybrid models and the incorporation of region-specific factors will likely
enhance prediction accuracy across diverse environmental settings.

4.2 Application of machine learning in air quality forecasting

The integration of machine learning (ML) techniques into air quality forecasting has garnered significant attention in
recent years. Various studies have explored and developed models to enhance the accuracy and granularity of air pollution
predictions.

Bai et al. [3] provided a comprehensive overview of air pollution forecasting methods, categorizing them into
classical approaches. However, the study lacks specificity in its recommendations and comparisons of machine learning
techniques, which limits its practical utility for researchers and policymakers.

Zhang et al. [8] introduced “Deep-AIR”, a hybrid framework combining convolutional neural networks (CNN)
and long short-term memory (LSTM) networks. This model captures both spatial and temporal features of air pollution,
achieving higher accuracy in fine-grained hourly estimations and forecasts in metropolitan cities like Hong Kong and
Beijing. The incorporation of urban dynamics, such as road density and street canyon effects, into the model underscores
the importance of contextual urban factors in air quality predictions.

Gocheva-Ilieva et al. [15] proposed a novel framework for forecasting air pollutant levels, integrating independent
ex-ante data sources with machine learning models. Their use of random forest (RF) and Arc-x4 models to predict PM10,
SO,, and NO, in Pernik, Bulgaria, shows promise. Nonetheless, the study would benefit from a deeper analysis of
limitations and future research directions.

Choi et al. [30] developed an innovative two-dimensional visibility estimation model by integrating random forest
(RF) with geostatistical methods. This approach not only enhances the accuracy of visibility predictions but also
demonstrates the potential of combining machine learning with geostatistics in environmental modeling.

Tuluri [5] examined the impact of mobility restrictions during the COVID-19 lockdown on air quality in Mississippi,
USA. By analyzing air quality and weather data, the study provides insights into how reduced human activity influences
pollutant concentrations, offering valuable information for future urban planning and public health policies.

Gayen et al. [12] investigated the effect of surface water bodies on PM2.5 concentrations in Delhi-NCT, India.
Utilizing machine learning models, they found that proximity to water bodies significantly influences pollutant dispersion,
highlighting the need to consider geographical features in air quality assessments.

Yazdi et al. [31] developed an ensemble model to predict daily PM2.5 levels in Greater London. Their approach
combines multiple machine learning algorithms to enhance prediction accuracy, demonstrating the effectiveness of
ensemble methods in air quality forecasting.

Srivastava et al. [53] compared various machine learning techniques to predict the air quality index (AQI) in Delhi.
Their assessment provides a benchmark for selecting appropriate models based on performance metrics, aiding in the
development of more reliable forecasting systems.

Hernandez-Gordillo et al. [50] conducted a systematic review on the use of low-cost portable sensors for urban and
indoor air quality monitoring. Emphasizing crowd sensing, their work underscores the potential of integrating community-
driven data collection with machine learning for comprehensive air quality assessments.
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Nelgadevi and Grasha [52] addressed air pollution estimation in Chennai by applying the K-Nearest Neighbor
method alongside other machine learning algorithms. Their study contributes to the growing body of research focusing
on localized air quality prediction models.

Nuraeni et al. [54] introduced the “HazeEst” model, which combines data from fixed-station monitors and mobile
sensors to estimate metropolitan air pollution in Sydney. This integration of diverse data sources enhances the spatial
resolution of pollution estimates.

Simu et al. [55] explored industrial pollution and its impact on human health by employing various machine learning
algorithms to predict emission rates. Their work highlights the applicability of ML in assessing industrial contributions
to air quality degradation.

Hu et al. [56] developed a support vector regression (SVR) model for estimating air pollution in Sydney with fine
spatial granularity. This approach emphasizes the importance of spatial detail in pollution modeling.

Chiwewe and Ditsela [57] focused on predicting ground-level ozone levels in Gauteng province, South Africa, using
cross-correlation and spatial-correlation of air pollutants. Their study illustrates the utility of statistical correlations in
enhancing prediction models.

Lietal. [58] addressed the issue of fine particulate matter (PM2.5) pollution in China by establishing a fine particulate
matter network (FPMN) using IoT sensors. This network facilitates real-time monitoring and data collection, crucial for
timely interventions.

Zhu et al. [59] discussed the use of urban big data, air quality, and meteorological data to identify spatiotemporal
causal pathways for air pollutants. Their approach leverages large datasets to uncover underlying patterns and relationships
in pollution dynamics.

Yarragunta et al. [60] explored the use of supervised machine learning algorithms to predict the air quality index
(AQI) in densely populated areas. Their findings contribute to the development of predictive models tailored for urban
environments.

Mabhalingam et al. [18] emphasized the significance of air quality in urban management and its impact on human
health and sustainable development. They introduced a machine learning model for predicting AQI, highlighting the role
of technology in environmental management.

Ngom et al. [26] addressed high air pollution in large cities such as Dakar by proposing an approach that
combines system observations with multi-agent simulation and machine learning to assimilate PM 10 pollution data. This
multidisciplinary method offers a comprehensive framework for pollution analysis.

Zhang et al. [61] focused on estimating the spatiotemporal distribution of PM2.5 concentration in Shaanxi, China.
By combining a three-dimensional landscape pattern index (TDLPI) with machine learning (XGBOOST), they optimized
land use regression (LUR) modeling, demonstrating the integration of landscape metrics in pollution prediction.

These studies collectively underscore the evolving role of machine learning in air quality forecasting, highlighting
the importance of integrating diverse data sources, considering urban dynamics, and employing advanced algorithms to
enhance predictive accuracy.

4.3 Impact of weather conditions on air quality prediction

Weather conditions play a critical role in the dispersion, formation, and accumulation of air pollutants. Several
studies have underscored the importance of meteorological influences on air quality modeling and prediction.

Ngoc et al. [40] analyzed air quality in Hanoi, Vietnam, during the winter season, with a particular focus on local
meteorological factors. The study investigated the sources of air pollution and used wind regimes and aerosol optical
depth (AOD) values to classify winter days. Their findings emphasized the dominant influence of local winds on the
spatial distribution of pollutants and the effectiveness of incorporating AOD in air quality assessment models.

Hu et al. [28] proposed a novel hybrid method, WRFC-XGB, which integrates the Weather Research and Forecasting
model with the eXtreme gradient boosting (XGBoost) algorithm to estimate near-surface ozone concentrations in the
Beijing-Tianjin-Hebei region. Their approach achieved high predictive accuracy by effectively capturing the nonlinear
interactions between meteorological variables and ozone formation.
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Yang et al. [24] conducted an extensive evaluation of atmospheric pollution in Shanghai, identifying ozone (O3) as
the primary pollutant of concern. The study also highlighted the difficulty of implementing coordinated control measures
due to the complex interplay of emission sources and meteorological conditions. Their results underscore the need for
comprehensive policy integration across sectors to address the transboundary nature of ozone pollution.

Zhu et al. [37] documented a significant improvement in Beijing’s air quality between 2015 and 2020, attributing
these changes to both local emission reduction efforts and regional transport control strategies. Their temporal analysis
revealed that meteorological variability alone could not account for the observed reductions, thereby emphasizing the
effectiveness of coordinated environmental policies.

Tuluri [5] investigated the effect of mobility restrictions during the COVID-19 pandemic on air pollutant concentra-
tions in Mississippi, USA. By incorporating meteorological data, the study provided nuanced insights into how reduced
human activities-along with prevailing weather conditions-contributed to temporary improvements in air quality. This
work highlights the potential of incorporating behavioral and meteorological data into predictive frameworks.

4.4 Effect of pollutant sources on model accuracy

The accuracy of air quality prediction models is closely tied to the understanding and integration of pollutant source
information. Several recent studies have examined how source characteristics influence model performance.

Gocheva-Ilieva et al. [15] made a significant contribution by combining independent ex-ante data sources with
machine learning techniques to forecast pollutant levels in Pernik, Bulgaria. Beyond methodological advancements, the
study emphasized the need to account for specific pollutant sources (e.g., industrial emissions, vehicular traffic) to enhance
model robustness. Their findings suggest that overlooking source-specific data may result in reduced model accuracy and
misinformed policy decisions.

Razavi-Termeh et al. [27] used ensemble learning techniques to identify asthma-prone zones in Tehran. Their results
showed the superior performance of the AdaBoost algorithm in spatial modeling. However, the study’s geographical
limitation raises concerns about the generalizability of its findings. Future research could expand the scope and incorporate
more diverse environmental and demographic data to improve applicability across regions.

Zou et al. [21] examined the health impacts of wildfire smoke using machine learning models, with a particular
emphasis on the Random Forest algorithm. Their work provided compelling evidence of the association between wildfire
events and respiratory health outcomes, and demonstrated the potential of machine learning to forecast the public health
risks of pollution events arising from natural sources.

Gu et al. [29] developed a hybrid deep learning model by integrating a deep neural network (DNN) with a nonlinear
auto-regressive moving average model with exogenous inputs (NARMAX) for predicting PM2.5 concentrations. This
architecture effectively captured both short-term dependencies and nonlinear relationships inherent in air quality data,
showcasing the synergy of classical time-series methods with modern machine learning.

Lietal. [35] applied the random forest algorithm to model PM2.5 levels in China and identify dominant contributing
factors. Their feature importance analysis revealed meteorological parameters, such as temperature and humidity, as key
influencers alongside anthropogenic emissions, reinforcing the need for integrated data modeling.

Xu et al. [36] introduced a deep learning method known as GD-GRU for imputing and predicting PM2.5
concentrations. The model demonstrated superior performance in recovering extreme values, a challenging aspect in
air quality modeling. This contributes to improving the reliability of datasets affected by missing or inconsistent entries.

Zhang et al. [8] proposed an innovative approach for modeling the spatiotemporal distribution of PM2.5 by
integrating a three-dimensional landscape pattern index (TDLPI) with XGBoost. Their enhanced land use regression
(LUR) model in Shaanxi, China, incorporated both topographical and land-use factors, significantly improving the model’s
explanatory power and accuracy.

These literature reviewed have shown considerable advancements in machine learning-based air quality prediction.
Pioneering models such as Deep-AIR, WRFC-XGB, GD-GRU, and hybrid NARMAX-DNN frameworks have enhanced
the precision of pollution forecasts. These efforts underscore the growing integration of deep learning, ensemble
algorithms, and hybrid architectures in environmental modeling.
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Nevertheless, a notable gap remains in the generalizability of findings, as many studies focus on specific regions-
particularly China and Southeast Asia-limiting broader applicability. The inclusion of diverse data sources, such as low-
cost sensors, geospatial features, and meteorological parameters, marks an interdisciplinary trend that improves prediction
quality. Additionally, incorporating pollutant source characteristics has been shown to enhance model robustness.

To further elevate the field, future research should aim to address model limitations through more comprehensive error
analyses, enhance transferability across regions, and consider real-world deployment scenarios. Continued refinement of
hybrid and ensemble models, informed by rich contextual and source-specific data, holds great promise for advancing air
quality forecasting and contributing to public health and policy planning.

5. Result analysis

Research Question 1 (RQ1): What are the most effective machine learning techniques for predicting high air

pollution periods, and how can they be applied to enhance air quality forecasts.

Table 6. Summary of machine learning techniques and their applications

Approach/Category Studies Algorithms used Application
Classical categories overview 3] R Categorization of air pollution forecasting methods
into classical categories.
Deep learning I8, 36] Deep-AIR, GD-GRU Fine-grained forecasting; repairing atmospheric
environmental data.
Ensemble models [27, 31, 53] AdaBoost, Ensemble AQI prediction, daily PMZ.S'Ievels, asthma-prone
methods area modeling.
Random forest/Decision trees [15, 30, 35] RF, Arc-x4, Geostatistics PM10, 302, NO2 fg)recast}ng; visibility estimation;
wildfire impact.
Support vector regression (SVR) [56] SVR Fine-granular pollution estimation.
XGBoost [8] XGBoost, TDLPI Estimation of spatiotemporal PM2.5 distribution.
K-nearest neighbor (KNN) [54] KNN Estimating pollution in metropolitan areas.
IoT sensors [58] ToT-based models IoT for fine particulate matter network (FPMN).
Multi-agent simulation [26] Multi-agent models Urban air quality monitoring and simulation.
Review on monitoring techniques [50] - Systematic review of portable low-cost sensors.
Impact analysis during COVID-19 [5] - Air quality changes due to lockdown restrictions.
Winter period analysis [40] - Seasonal source and weather influence analysis.
Ozone concentration estimation [28] WRFC-XGB Estimating near-surface ozone concentrations.
Comprehensive analysis of [24] - Identified O3 as dominant pollutant in Shanghai.
atmospheric pollution
Improvement in air quality [24] - Beijing air quality improvements (2015-2020).
Source consideration in forecasting [15] - Role of source analysis in forecasting.
Asthma-prone areas modeling [27] AdaBoost Identifying 1nﬂuen012§n§15ctors in asthma-prone
Wildfire smoke impact assessment [21] Random forest Public health impact of wildfire smoke.
Hybrid deep learning model [29] DNN, NARX Hybrid model for PM2.5 prediction.

Note: RF = random forest; DNN = deep neural network; NARX = nonlinear auto-regressive with exogenous input;
TDLPI = three-dimensional landscape pattern index

Table 6 encapsulates the breadth of research in the field of air pollution forecasting, showcasing the multitude of
machine learning approaches and algorithms. The varied techniques applied, from deep learning and ensemble models to
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spatial regression and hybrid methodologies, reflect the complexity of the task at hand. The delineation of applications
further emphasizes the relevance of these studies in addressing real-world challenges, spanning from urban air quality
management to the impact of mobility restrictions and the integration of low-cost sensors.

5.1 Application of machine learning in air quality forecasting

Based on the data provided in Table 6, several machine learning techniques are commonly applied in air quality
forecasting. The most frequently observed techniques are displayed in Figure 2.

Prevalence of key machine learning techniques in air quality forecasting studies

Random forest/Decision trees
= Frequency

Ensemble models

Deep learning

4
1
4

Figure 2. Common machine learning techniques in air quality forecasting

Research Question 2 (RQ2): How do pollutant sources impact the accuracy of machine learning models in
predicting high air pollution events?

This investigation delves into the influence of pollutant sources on machine learning models predicting high air
pollution events. Focused on various sources, Table 7 distills key insights, shedding light on the nuanced relationship
between pollutant sources and model accuracy. This analysis contributes valuable insights to the broader understanding
of air pollution prediction dynamics.

Table 7. Impact of pollutant sources on model accuracy in air pollution prediction studies

Study Model/Method Key variables studied Pollutant source Source impact on model accuracy

Achieves high accuracy; limited to

Two-stage daily PM2.5 pollution Air pollution control policies China; requires broader validation

[10]

adaptive and discussion of limitations.
AdaBoost shows strong spatial
[27] Ensemble Asthma-prone areas, Local sources modeling; limited applicability
machine learning influential factors
beyond Tehran.
Physics-informed Efficient estimation of six
[24] multi-task PM25, PMlO(,)SOz, NO, Multiple sources pollutants; more accurate than
learning 3 single-pollutant models.
Excels at high PM2.5 levels; CO
[4] Deep learning PM2.5 concentrations Atmospheric gas species and fires strongly influence model

accuracy.
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Table 7. (cont.)

Study Model/Method Key variables studied Pollutant source Source impact on model accuracy
Explains NOy’s role in
[23] Machine learning 03, PM2.5 NOx, industrial activities co-pollution; notes changes in O3
due to NOy levels.
Improved accuracy in extreme
- mode .5 concentrations and diffusion modeling .5 prediction; helpful for
[36] GD-GRU model PM2.5 i GRU and diffusi deli PM2.5 prediction; helpful f
environmental data repair.
Linear mixed Outperforms others; detects
[38] offect model NO; concentrations TROPOMI satellite data pollution hotspots and
COVID-19-related anomalies.
Nonlinear interactions emphasized;
achine learning 3, , s pecific s ey s drive O3 an
[39] Machine learni 03, SOA, VOC Specific VOC key VOCs drive O3 and SOA
formation.
Water bodies reduce PM2.5
[12] Machine learning PM2.5 concentrations Surface water bodies significantly; supports
nature-based mitigation.
. . . Links climate and pollution;
[44] ML with spatial Climate change, urban Climate variables promising for early warning
context sustainability
systems.
Big data, Provides fast insights without
[57] cognitive Ground-level O3 Spatial and cross-correlations heavy computation; efficient urban
computing monitoring.
FPMN enhances spatial resolution;
[35] IOTI?&EE(MN PM2.5 pollution Sparse fixed stations effective for regional PM2.5
mapping.
pg-Causality . . Detects causal air pollution paths;
[59] model Air pollutants Urban big data, meteorology supports advanced urban analytics.
Deep-AIR ML Fine-grained pollution Outperforms baselines; accurately
(8] model prediction Urban data, meteorology predicts key pollutants.
Integrates ML and simulation;
[26] Multi-agent, ML PM10 pollution Not specified lacks thorough limitation
discussion.
48] Low-cost sensors Particulate matter Sensor and ML inteeration Provides reliable screening; more
+ ML g practical applications needed.
[50] Systematic Urban/indoor air quality Crowd sensing, low-cost sensors _Identlﬁes ber_leﬁt.s of sensors;
review discusses monitoring trade-offs.
ARIMA Offers insights into SO, levels;
[51] . SO, concentrations Meteorology and particulates calls for deeper policy
modeling Lo
implications.
[54] HazeEst + SVR Urban haze pollution Monitor and mobile sensor data High-resolution predictions; needs
broader validation.
. Multi-layer perceptron is least
[63] Various ML Industrial pollution Emission rates error-prone; deeper analysis
algorithms
needed.
[56] SVR model Air pollution estimation Historical data and WSN SVR outperforms ANN; useful for

pollution-related health studies.

5.2 Common limitations in current research

This study highlights the flexibility and adaptability of machine learning models in forecasting air pollution events,
accounting for a diverse range of variables and pollutant sources. However, model accuracy tends to vary significantly,
underscoring the importance of further exploration and the systematic addressing of model limitations. The predictive
performance of these models is heavily influenced by the selection of variables, pollutant source identification, and the
modeling techniques employed. To enhance prediction reliability and generalizability, it is crucial to address current
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methodological constraints. This becomes increasingly vital as air quality forecasting continues to evolve as a scientific
discipline.

Research Question (RQ3): What are the limitations in the current research, and how can future studies fill these
gaps to improve air pollution predictions?

Table 8. Impact of pollutant sources on model accuracy in air pollution prediction studies

Limitation Summary Freq. Citations
Limited generalizability Regional variation 7 [3, 10, 21, 24, 29, 33, 36]
Limited explotation of potential Inadequate analysis 9 [3, 10, 15, 20, 24, 27, 28, 30, 40]
imitations
Limited appllcabll}ty beyond Regional dependence 6 [17,26-28, 44, 51]
specific regions
Lack of in-depth discussion of Superficial analysis 14 3,5, 6,10, 15, 17,20, 24, 27, 28, 30, 32, 39, 43]
imitations
Lacks actionable recommendations Actionable deficiency 8 [1,4,11,24,29, 33, 35, 60]
Limited discussion on potential Limited discourse 6 [8, 20, 24, 33, 36, 37]
imitations
Needs deeper discussion of
limitations and scalability of the Scalability depth 5 [15, 23, 40-42]
approach
More ‘in-d_ep‘th (_liscussion of
potential limitations and their Policy implications depth 5 [23, 44, 47-49]
implications for policy
development
Could strengthen its contribution
by discussing potential limitations Strengthening 4 [8, 18, 46, 51]
and broader implications for air contribution >
quality management
More comprehensive discussion of
limitations and practical Enhanced impact 5 45, 60]
applications could further enhance discussion >
the paper’s impact
Deeper exploration of potential
limitations and practical AQI prediction depth 2 [18, 46]
implications for AQI prediction
Could delve deeper into potential
limitations and practical Pollution assessment
implications for feasible air depth 3 [43, 44, 51]
pollution assessment
A more detailed exploration of
potential limitations and broader - .
applications could further enhance Significance exploration 2 [58, 59]
its significance
A more comprehensive discussion
of limitations and potential Urban management
T . . . - 2 [8, 60]
applications for urban air quality discussion
management
A deeper exploration of limitations
and practical implications for AQI AQI prediction depth 2 [18,26]

prediction

In our pursuit of improving air pollution forecasts, this section critically examines the inherent limitations present in
existing studies utilizing machine learning models. Given the pivotal role these models play in detecting and forecasting
episodes of elevated pollution, it is essential to investigate the barriers that hinder their accuracy and practical application.
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We present a comprehensive analysis of these challenges, identifying areas that require refinement and further
research. This discussion provides a foundation for future advancements, aiming to strengthen predictive models’
robustness, generalizability, and overall performance. For a detailed summary of these limitations, refer to Table 8 and
Figure 3.

Frequency of common limitations in reviewed studies

AQI prediction depth | im—"

Urban management discussion | i’

Significance exploration | i——""
Pollution assessment depth | i —

AQI prediction depth | i—

Enhanced impact discussion | i’

Strengthening contribution | i ——
Policy implications depth | i —
Scalability depth | i ——

Limited discourse | i

Actionable deficiency | i————
Superficial analysis | s |
Regional dependence |i———
Inadequate analysis | ———————————————

Regional variation | —

= Frequency

Figure 3. Common limitations

This investigation systematically identifies and categorizes prevailing limitations in current machine learning
research on air pollution prediction (see Figure 3 and Table 8). The findings reveal challenges such as limited
generalizability across regions, superficial or insufficient analysis of model shortcomings, and a lack of actionable or
policy-oriented insights. These issues highlight the complexity and evolving nature of predictive environmental modeling.
Addressing these gaps is crucial to strengthening the reliability, scalability, and practical relevance of future prediction
models. By acknowledging and learning from these limitations, future studies can contribute to the development of more
comprehensive, accurate, and policy-aligned approaches to air quality forecasting.

5.3 Recommendations for future research

Building upon the limitations identified in the current body of research, the following recommendations aim to guide
future studies in enhancing the robustness and practical relevance of air pollution prediction models:

1. Enhancing generalizability

* Investigate approaches to improve the generalizability of predictive models across diverse geographic regions and
demographic contexts.

» Examine regional determinants of air quality variation and develop adaptive modeling frameworks that can
accommodate localized characteristics.

2. Deepening the exploration of study limitations

* Promote a culture of critical reflection by encouraging researchers to conduct comprehensive assessments of their
study limitations.

» Develop standardized guidelines or checklists to facilitate the systematic reporting of limitations and their
implications.

3. Promoting in-depth discussion and transparency
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* Foster more rigorous and reflective discussions around methodological shortcomings, model performance con-
straints, and scalability issues.

+ Offer training or editorial support to encourage nuanced presentations of limitations and their broader impacts.

4. Improving spatial prediction capabilities

* Employ advanced geostatistical and deep learning techniques to refine spatial resolution in air quality modeling.

* Leverage high-resolution environmental and meteorological datasets to enhance spatial variability detection.

5. Bridging research and policy with actionable outcomes

* Emphasize the inclusion of clear, actionable recommendations that can guide urban planning, environmental
governance, and public health responses.

* Encourage interdisciplinary collaboration to ensure that research findings are directly translatable into real-world
policy and practice.

6. Conclusion

This systematic review has offered a comprehensive synthesis of existing research on machine learning applications
for predicting periods of elevated air pollution. Through the examination of various modeling techniques, from
conventional regression-based approaches to state-of-the-art neural networks, the versatility and adaptability of machine
learning in tackling complex environmental problems have been clearly demonstrated.

However, the review also reveals significant limitations in current methodologies, including constraints in model
generalizability, superficial analysis of limitations, and a lack of actionable guidance for stakeholders. These challenges
underscore the need for more nuanced, scalable, and policy-relevant research efforts.

Addressing these gaps is not merely a methodological refinement-it is a necessary evolution for advancing the
precision, relevance, and social impact of air pollution prediction. Future research must prioritize the development of
models that are adaptable to regional diversity, supported by rigorous analysis of their limitations, and equipped with
recommendations that inform practical interventions.

In charting this path forward, the recommendations presented herein provide a clear roadmap for strengthening both
the theoretical foundations and practical applications of this field. The integration of high-resolution data, advanced spatial
modeling, and interdisciplinary collaboration holds the promise of transforming air quality prediction into a more precise,
responsive, and impactful tool.

Ultimately, the path toward more effective air quality forecasting lies in the concerted efforts of researchers,
practitioners, and policymakers. By embracing the insights and recommendations outlined in this review, the academic and
applied communities can collaboratively shape a future where environmental health risks are more accurately anticipated
and effectively mitigated.
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