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Abstract 

Air pollution remains a major global environmental challenge driven by rapid urbanisation, industrialisation, 

fossil fuel combustion, and large-scale deforestation, resulting in elevated levels of key pollutants including 

nitrogen dioxide, carbon monoxide, sulphur dioxide, and particulate matter. These pollutants have significant 

impacts on human health, climate systems and ecosystems, directly affecting multiple Sustainable Develop-

ment Goals (SDGs), including health, sustainable cities, and climate action. This study presents a comprehen-

sive review of recent literature on air pollution, with particular emphasis on data-driven approaches for air 

quality prediction and forecasting. A narrative review was conducted using recent studies from major scientific 

databases, with emphasis on modelling techniques, datasets, and methodological frameworks. The findings 

reveal a clear progression from classical statistical models to more sophisticated machine learning and deep 

learning methods, which demonstrate improved ability in modelling nonlinear, high-dimensional air quality data. 

The study also highlights the growing importance of multi-source data integration and preprocessing tech-

niques in enhancing temporal robustness. Despite these advances, several challenges remain, including data 

quality, model interpretability, and scalability for real-time applications. The review concludes by identifying 

critical research gaps and providing strategic insights for researchers, policymakers, and urban planners to 

support the development of effective, data-driven air quality management systems aligned with sustainable 

development objectives. 
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1. INTRODUCTION 

The degradation of air quality has become a major global issue of concern with wide-ranging implications for 

human health, ecosystems, and socio-economic development. According to the World Health Organisation 

(WHO), unsafe ambient air quality affects roughly 99% of the global population, a crisis linked to close to seven 

million premature deaths each year (Ji et al. 2025). Air quality degradation occurs when biological, chemical, or 

physical agents alter the natural makeup of the air, thereby threatening ecological systems and human well-

being. Rapid urbanisation and industrialisation have significantly intensified air pollution through increased fossil 

fuel combustion, deforestation, and inefficient waste management practices. In particular, rural-to-urban migra-

tion driven by economic opportunities has led to population concentration in cities, resulting in increased emis-

sions, environmental degradation, and ecological imbalance (Agyemang 2025, World Bank 2024, European 

Parliament 2023, National Aeronautics and Space Administration (NASA) 2023, Liang and Gong 2020). Con-

sequently, air pollution has become not only an environmental issue but also a significant challenge to sustain-

able urban development. In response, governments and international organisations have implemented various 

regulatory frameworks and policy instruments aimed at mitigating pollution and promoting sustainable develop-

ment. Mechanisms such as Environmental Impact Assessment (EIA) and Strategic Environmental Assessment 

(SEA) have been widely adopted to integrate environmental considerations into decision-making processes 

(Dias et al. 2025, Legislative Affairs Office of the State Council of the People’s Republic of China 2019, Evans 

2013). Additionally, governing bodies such as the United States Environmental Protection Agency (EPA) have 

set air quality standards for key pollutants, while several countries have introduced economic instruments such 

as carbon taxes to curb emissions (Elvan 2018). In addition, China introduced the practice in 1979 and later 

reinforced it as part of the EIA Law (Huang 2012). Similarly, agencies such as the US EPA set the national 

ambient air quality standards for six critical air pollutants: nitrogen dioxide (NO₂), carbon monoxide (CO), sulphur 

dioxide (SO₂), ozone (O₃), lead and particulate matter (PM10 & PM2.5) (U.S. Environmental Protection Agency 

2025). These standards are intended to protect public health and welfare by regulating ambient concentrations 

of criteria air pollutants. Recognising the threats imposed by poor air quality, some countries have introduced 

levies and taxes on companies for pollutant greenhouse gas emissions. For example, the 2019 carbon tax act 

by the South African government imposes an environmental tax on establishments that burn fossil fuels and 

similar carbon-related pollutants (South African Revenue Service 2024). Ghana also introduced a similar emis-

sion levy in 2024 (Ernst & Young Global 2024) while other African nations are following similar policy measures. 

Despite these initiatives, air pollution remains the leading environmental health risk globally. 

WHO considers poor air quality to be the single greatest environmental threat to human health, driving an 

estimated seven million premature deaths on a yearly basis (Gu et al. 2024). Extensive research has shown 

that air pollutants, such as NO₂, CO, SO₂, and PM2.5 and PM10, are strongly associated with respiratory and 

cardiovascular illnesses, including asthma and chronic obstructive pulmonary disease (COPD) (European En-

vironment Agency 2025, Tran et al. 2023, Manisalidis et al. 2020, National Park Service 2018). He et al. (2022) 

estimated that two popular air pollutants: NO₂ and PM2.5 contributed to approximately 55,000 and 417,000 

premature deaths across approximately 40 European countries in 2018 respectively. The 2019 Global Burden 

of Disease (GBD) study reported that air pollution was the leading cause of premature deaths in the world, 

accounting for about 6.67 million deaths in 2019 (Guo et al. 2024). In addition to human health, air pollution has 
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multidimensional impacts on sustainability, including on climate change, ecosystem degradation, and economic 

losses (Zhang et al. 2022b, Coelho et al. 2021, Kaur and Pandey 2021, Sivarethinamohan et al. 2021). Further-

more, Zhang et al. (2022a) reported that, only a small fraction (12%) of the global population lives in areas that 

comply with the WHO air quality guidelines, highlighting the need for actionable monitoring and intervention 

measures. These challenges have led to the need for reliable monitoring and forecasting of air pollution to 

enable informed decision-making and proactive environmental management. Traditional statistical models, such 

as Auto-regressive Integrated Moving Average (ARIMA) and Seasonal ARIMA (SARIMA), have been widely 

applied for forecasting air quality (He et al. 2024, Li et al. 2019). A significant drawback of these models is their 

inability to capture the dynamic, non-linear characteristics of atmospheric pollution. Such data are highly com-

plex, driven by the interplay of human behaviour, topographical features, and shifting weather patterns (Izah et 

al. 2024). The interactions between these factors create non-linear dynamics that affect atmospheric properties. 

Furthermore, these factors contribute to the poor forecasting performance of traditional models. Consequently, 

there has been a growing shift towards data-driven approaches, particularly machine learning and deep learning 

models, which offer enhanced capabilities in modelling high-dimensional and nonlinear time-series data (Leong 

et al. 2020, Zhang et al. 2022a). Unlike conventional statistical models, data-driven models have the capacity 

to learn the dynamic characteristics of time series air pollutant features (Yu et al. 2020, Pak et al. 2020, Du et 

al. 2019). With air pollution data that has millions of time-series observations with many weather and pollutant 

features, researchers have proposed  forecasting and prediction models based on data driven automated mod-

els (Zhu and Xie 2023, Jiang et al. 2021, Jung et al. 2020). 

With the increasing concerns about air pollution and its effects, numerous studies have examined this 

problem from different standpoints. Kaur and Pandey (2021) analysed the relationship between air pollution, 

climate change and public health in Indian cities. Similarly, Coelho et al. (2021) evaluated climate extreme 

scenarios that impact air pollution. While the study extensively evaluated the impact of climate change on future 

air quality, it does not adequately address the aspect on data-driven intelligent forecasting models nor model 

interpretability. By examining China as a focal point, Zhang et al. (2022b) analysed how the spatial distribution 

of atmospheric contaminants intersects with socioeconomic variables to impact population health. Similarly, the 

health and socio-economic effects and future directions were reviewed by Sivarethinamohan et al. (2021).  

Although scholarly interest in atmospheric degradation is expanding, current reviews focus primarily on 

environmental and health impacts or on climate-related aspects, with limited integration of data-driven forecast-

ing techniques, dataset characteristics, and model interpretability. In particular, there remains a lack of a com-

prehensive synthesis that combines modelling approaches with practical considerations such as data integra-

tion, preprocessing, and real-world implementation. Unlike previous reviews, which primarily compare predictive 

accuracy, this review critically evaluates the methodological rigour of forecasting studies by examining validation 

design, temporal robustness, data leakage risk, benchmark selection, and model interpretability. Building on 

this critical synthesis, this review proposes a methodological evaluation framework that assesses forecasting 

studies not only according to predictive accuracy but also according to validation design, temporal robustness, 

data leakage risk, interpretability, and deployment readiness. To address these gaps, this study provides a 

comprehensive review of recent advances in air pollution research with emphasis on the air pollution data-driven 

intelligent models for forecasting. The study reviews the approaches to modelling, data and methodological 

evaluation frameworks, focusing on interpretability, multi-source data integration and applicability. It aims to 
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provide strategic insights for researchers, policy makers and urban planners, supporting decision-making for 

data-driven air quality management. 

This review evaluates the strengths and limitations of the current forecasting models and datasets from the 

last five years of published research in the most prominent scientific databases, such as Scopus and Web of 

Science. The main contributions of this study are as follows: (1) an updated overview of air pollution causes 

and impacts; (2) a detailed analysis of state-of-the-art forecasting models; (3) a methodological evaluation 

framework for comparing forecasting studies based on temporal robustness, validation strategy, interpretability, 

and deployment readiness; and (4) recommendations for the development of transparent, scalable, and effec-

tive predictive systems. The remainder of this paper is organised as follows: Section 2 presents the methods 

adopted in the study. Section 3 examines the economic, ecological, and health consequences of atmospheric 

degradation while evaluating deep learning, machine learning, and statistical approaches to forecasting. Sec-

tion 4 proposes the methodological evaluation framework, identifies key research gaps and outlines future 

research opportunities, and Section 5 concludes the study. 

2. MATERIALS AND METHODS 

In this study, a narrative review methodology was adopted to examine recent developments in air pollution 

research, with particular emphasis on data-driven forecasting approaches. To ensure the reliability and credi-

bility of the analysis, the literature later analysed was retrieved from prominent academic databases including 

Springer Nature, ScienceDirect, IEEE Xplore, Web of Science, and Scopus. The review primarily considered 

works published in the last five years, starting from January 2020 to December 2025. To cover recent advances 

in modelling techniques, literature searches were conducted using the following keywords: “air pollution predic-

tion”, “air quality index (AQI)”, “machine learning”, “deep learning”, as well as by the following general terms: 

“air pollution”, “air quality monitoring”, “pollution forecasting”, and “atmospheric modelling”. The combines 

searches resulted in approximately 1,000 records being identified. The results which were subsequently 

screened to identify the most relevant studies. The retrieved literature was subsequently examined for relevance 

to the objectives of this review. Studies unrelated to air pollution forecasting, non-English publications, non-

peer-reviewed articles, conference abstracts without accompanying full papers, duplicate records, and studies 

lacking a statistical, machine learning, or deep learning modelling component were excluded during the screen-

ing process. Particular emphasis was placed on peer-reviewed forecasting studies published between 2020 and 

2025, which form the basis of the comparative synthesis presented in Section 3.2 and Tables 4–6. Institutional, 

regulatory, and policy sources cited elsewhere in this review (e.g., WHO guidelines, national environmental 

protection agency websites, carbon tax and emissions-levy notices) fall outside this eligibility window and are 

used solely to establish regulatory and contextual background, and are not treated as part of the modelling 

evidence base. 

Following the screening process, a curated set of studies was chosen for comprehensive synthesis and 

detailed analysis. The selected studies were further assessed based on their relevance to air pollution monitor-

ing, forecasting methodologies, and data utilisation. Following the removal of duplicates and the rigorous appli-

cation, a final set of approximately 160 studies were retained for critical synthesis. Fig. 1 shows the flow diagram 

for the screening process. Particular attention was given to studies that addressed modelling frameworks, da-

taset characteristics, and methodological procedures used in air quality prediction. Traditional statistical models 
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and data-driven approaches such as machine learning and deep learning algorithms were both considered. The 

review systematically examines literature to identify common modelling workflows such as data collection, data 

pre-processing, model development, validation, and performance evaluation. Furthermore, the review critically 

assesses the methodological limitations and strengths of the datasets, validation strategies, and forecasting 

models used in the literature examined. This approach provides a comparative view of the methods developed 

so far and identifies some trends, challenges, and opportunities for future research on air pollution forecasting. 

The findings of this review are presented and synthesised in the next section, which examines air pollution and 

the related forecasting models found in the literature.  

 

 

Fig. 1: Screening Process for the records 

3. Literature Synthesis and Discussion  

This section summarises the main findings of the literature reviewed in order to provide both contextual and 

technical insights on air pollution. Section 3.1 gives an overview of air pollution, particularly its main sources, 

and its broader implications for sustainability, including impacts on human health, the environment and socio-

economic systems. Section 3.2 explores the major modelling approaches for air pollution forecasting, including 

recent studies on statistical, machine learning, and deep learning techniques. These discussions collectively 

offer a comprehensive picture of the drivers of air pollution and how air pollution behaviour is monitored and 

predicted over time, using data-driven approaches. 
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3.1. Overview of Air Pollution 

The global surge in industrial expansion, urban migration, and population growth has significantly increased 

fossil fuels combustion and the generation of municipal and industrial waste. Consequently, the atmosphere 

has experienced a substantial increase in toxic emissions, endangering climatic equilibrium, built infrastructure, 

biological diversity, and human health. As a result, air pollution is recognised as a severe environmental and 

health problem that requires global solutions to mitigate its impacts. In response, many countries have imple-

mented policies, regulatory frameworks, and strategic initiatives aimed at reducing emissions and promoting 

environmental sustainability. For example, China has introduced several top-down policies designed to curb 

emissions and accelerate the transition to sustainable energy systems. At the 75th United Nations General 

Assembly in 2020, China committed to peaking CO₂ emissions before 2030 and achieving carbon neutrality by 

2060 (Yang et al. 2021, McGrath 2020). This commitment is supported by increased investment in green energy 

technologies and targeted interventions in major metropolitan regions such as Beijing, Hebei, and Tianjin, where 

air pollution reduction has been prioritised (Ao et al. 2023, Chen et al. 2023). Similarly, the Canadian Environ-

mental Protection Act aims to address air pollution by minimising greenhouse gas emissions in an effort to have 

net-zero emissions by the year 2050 (Environment and Climate Change Canada 2024). 

As illustrated in Fig. 2, the sources of air pollution are divided into anthropogenic (human-induced) and 

natural sources (Sompornrattanaphan et al. 2020). Anthropogenic sources are linked to emissions from indus-

trial processes, transportation systems, and indoor activities; natural sources are related to activities like dust 

storms, volcanic eruptions, and wildfires. The pollutants produced are usually classified as gaseous pollutants, 

including carbon monoxide (CO), CO₂, SO₂, O3 and NO₂ and particulate matter which are fine solid or liquid 

particles in the atmosphere. Particular matter is also divided by aerodynamic diameter into PM10 (particles < 

10µm) and PM2.5 (particles < 2.5µm) particles, which are more harmful to health because they penetrate deeper 

into the lungs.  

The primary atmospheric contaminants, alongside their origins and environmental and health impacts, are 

outlined in Table 1. CO₂ is included in Table 1 as a co-emitted combustion by-product and climate-relevant 

greenhouse gas. Unlike CO, NO₂, SO₂, O₃, Pb, and particulate matter, it is not one of the criteria pollutants 

regulated under ambient air-quality standards. To guide global efforts in reducing exposure to harmful pollutants, 

the WHO has published air quality guidelines (World Health Organization 2021) since 1987. These guidelines 

serve as a benchmark for the development of national air quality standards and environmental policy develop-

ment. The updated WHO Air Quality Guidelines (AQGs) released in 2021 introduced significantly stricter limits 

compared to the 2005 guidelines, reflecting growing evidence of the adverse health effects of even low concen-

trations of pollutant exposure. For example, the acceptable annual mean concentration for PM2.5 was halved 

from 10 to 5 µg/m³, while the NO₂ limit was tightened from 40 to 10 µg/m³. These revisions highlight the increas-

ing urgency for more effective air quality monitoring, forecasting, and mitigation strategies. 
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Fig. 2: Classification of Air Pollutants 

Table 1: Common Air Pollutants (Gu et al. 2024, Manisalidis et al. 2020, Kaur and Pandey 2021, Sompornrattanaphan et al. 

2020, Garbagna et al. 2025). 

Pollutant Primary Sources Potential Health & Environmental Impact 

CO 
Emissions from vehicles, industrial machin-

ery, manufacturing 
Interferes with oxygen transport. Can lead to res-

piratory failure, neurological harm, even death 

CO₂ 
Burning fossil fuels, decomposition of or-

ganic matter 
High levels can cause headaches, dizziness, and 

severe oxygen deprivation (asphyxia) 

NO₂ Fossil fuel combustion 
It causes respiratory illness, worsens asthma, con-
tributes to acid rain, ecosystem damage, and haze 

SO₂ 
Industrial emissions, coal-fired power 

plants, volcanic activity 
Triggers respiratory issues, increases heart dis-

ease risk, causes acid rain, reduced visibility, haze 

O₃ 

Secondary pollutant formed by photochem-
ical reactions between NOx and volatile or-

ganic compounds in sunlight; precursor 
emissions from vehicles, industry, and 

chemical solvents 

Causes breathing problems, damages vegetation, 
and disrupts photosynthesis 

PM2.5 
Emitted from human activities and chemi-

cal transformation 
Linked to cardiovascular disease and complica-

tions 

PM10 
Emitted from human activities and chemi-

cal transformation 
Serious risks to cardiovascular health 
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3.1.1. Causes of Air Pollution 

Air pollution originates from both anthropogenic (human-induced) and natural processes (Singh et al. 2025). 

Anthropogenic emission sources are commonly classified as mobile and stationary (fixed). Mobile sources, such 

as vehicles, ships, and aircraft powered by internal combustion engine, represent a significant share of urban 

pollution, including NO₂, CO, CO₂, and particulate matter (Filonchyk and Peterson 2024). In contrast, stationary 

sources comprise power plants, manufacturing facilities, refineries, and other industrial installations that release 

pollutants from identifiable emission points such as stacks and vents (Karri et al. 2024). These sources are often 

responsible for sustained emissions in industrialised and densely populated urban areas. To monitor and quan-

tify emissions from these sources, many countries have developed regulatory tools and emission modelling 

frameworks. For instance, the United States EPA utilises the Motor Vehicle Emissions Simulator (MOVES) 

model to estimate both micro- and macro-scale emission factors for vehicle emission factors (U.S. Environmen-

tal Protection Agency 2024). Tables 2 and 3 summarise common anthropogenic and natural sources of air 

pollution respectively.  

Table 2: Anthropogenic Sources of Air Pollution (Manisalidis et al. 2020, Kaur and Pandey 2021, Singh et al. 

2025, Filonchyk and Peterson 2024). 

Source Description 

Stationary 

The emissions from Power plants, factories, waste incinerators, and home heating sys-

tems are among the sources of these emissions. In most developing countries, the wide-

spread use of traditional biomass fuels, which include crop waste, animal dung, and 

wood, is a major contributor of air pollution. 

Mobile 

Also, transportation systems, such as cars, ships, and airplanes contribute to air pollu-

tion. These sources release particulate matter, NOx, CO, and volatile organic compounds 

(VOCs). 

Agricultural and 

Forestry Practices 

Controlled or prescribed burning is commonly used in agriculture and forest manage-

ment. Although fire plays a role in ecosystem renewal, such practices release smoke, 

CO, and particulate matter into the atmosphere. 

Chemical and In-

dustrial Products 

Solvents, paints, aerosol sprays, varnishes, and other industrial chemicals release VOCs 

that contribute to the development of smog and secondary pollutants. 

Waste Manage-

ment 

Organic waste decomposes in landfills to produce methane (CH₄), a potent greenhouse 

gas and flammable material that can blow up in small areas 

Military Activities 
Hazardous pollutants can be released into the atmosphere during military operations as 

nuclear weapons, explosives, toxic gases, and rocket propellants are used. 

 

Nature Environment and Pollution Technology  |  Article in Press  |  www.neptjournal.com



NEPT 9 of 43 
 

Table 3: Natural Sources of Air Pollution (Singh et al. 2025). 

Pollutant Primary Sources 

Dust Storms 
In arid or semi-arid regions with little vegetation, wind erosion can create 

large quantities of airborne dust particles. 

Radon Gas 

Radon is a naturally occurring radioactive gas generated from the decay of 

uranium in soil and rock. It may build up indoors, especially in poorly venti-

lated spaces and is recognised as the second leading cause of lung cancer 

after tobacco smoke. 

Biogenic Emissions from 

Vegetation 

Vegetation emits VOCs that react with anthropogenic pollutants (e.g., NOx 

and SO₂) to form ozone and smog. 

Methane Emissions from 

Livestock 

Enteric fermentation in ruminant animals, particularly cattle, leads to the re-

lease of methane, a significant contributor to greenhouse gas accumula-

tion. 

Volcanic Activity 
Eruptions emit SO₂, ash, and other compounds that degrade air quality lo-

cally and globally. 

Wildfires 
Natural vegetation fires emit smoke, CO, and fine PM, with regional and 

sometimes global effects. 

 

3.1.2. Effect on Sustainability 

Air pollution is widely recognised as a multidimensional sustainability challenge that directly affects several 

United Nations Sustainable Development Goals (SDGs) (Zhou et al. 2024). In particular, it poses a substantial 

threat to SDG 3 (Good Health and Well-being), as it is a primary driver of millions of premature deaths annually 

and is strongly associated with cardiovascular and respiratory diseases (Ogwu and Izah 2024). Furthermore, 

outdoor air pollution and particulate matter have been classified as carcinogenic to humans by the International 

Agency for Research on Cancer (IARC) (Maji et al. 2023). Air pollution also undermines SDG 11 (Sustainable 

Cities and Communities). Rapid urbanisation and increased rural-to-urban migration have led to growing urban 

populations, intensifying pollution levels and reducing overall urban liveability. Elevated concentrations of air 

pollution contribute to unhealthy living conditions, environmental degradation, and increased risks to both hu-

man health and ecosystems (Lei et al. 2024). In addition, air pollution presents a significant challenge to SDG 

13 (Climate Action). Certain pollutants, such as black carbon and tropo-spheric ozone, act as short-lived climate 

forcers that contribute to global warming and exacerbate climate change impacts (Lei et al. 2024). 

Framing air pollution within the context of the SDGs highlights the need for integrated and multidisciplinary 

solutions that at the same time address human health, environmental sustainability, and socio-economic devel-

opment. 
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3.1.3. Effect on Health 

A substantial body of literature has identified PM2.5, PM₁₀, SO₂, NO₂, as the principal air pollutants and ground-

level ozone, as major contributors to adverse health out-comes, including lung cancer, respiratory illnesses, 

cardiovascular diseases, and in-creased mortality (World Health Organization (WHO) 2023). Short-term expo-

sure to these pollutants typically results in conditions such as coughing, wheezing, and shortness of breath, 

whereas long-term exposure significantly increases the risk of serious health effects such as asthma, chronic 

obstructive pulmonary disease (COPD) and ischemic heart disease (Manisalidis et al. 2020, World Health Or-

ganization (WHO) 2023). The health risks are particularly severe in low- and middle-income countries (LMICs), 

where air pollution levels frequently exceed WHO guidelines and healthcare systems are often less equipped 

to manage the resulting disease burden (Syuhada et al. 2023). Empirical studies further highlight the scale and 

geographical variability of these impacts. For example, the 2017 India State-Level Disease Burden Initiative 

reported substantial increases in mortality, disease burden, and reduced life expectancy attributable to air pol-

lution exposure (Balakrishnan et al. 2019). High annual concentrations of PM2.5 have been associated with 

substantial premature mortality and years of lost life in Jakarta (Syuhada et al. 2023, Institute for Health Metrics 

and Evaluation (IHME) 2020). Regional analyses reinforce the uneven distribution of risk: South America rec-

orded approximately 70,600 cardiovascular deaths and 1.74 million disability-adjusted life years (DALYs) asso-

ciated with PM2.5 exposure in 2019 (de Oliveira Salerno et al. 2023), while South Asia reported around 1.02 

million deaths, largely caused by residential fuel combustion, industrial emissions, and power generation (Chat-

terjee et al. 2023). Similarly, global burden estimates indicate approximately 1.67 million premature deaths 

linked to air pollution in India alone (Jaganathan et al. 2024). In Africa, 1.1 million people died in 2019 as a result 

of contaminated air, with almost 700,000 caused by household pollution and an estimated loss of 1.96 billion IQ 

points among children (Jaganathan et al. 2024). Such statistics reinforce that while the medical repercussions 

of poor air quality are universal, their root causes and specific impacts vary drastically by geography. 

 The effects of air pollution are not experienced uniformly across demographic groups. While young chil-

dren are particularly vulnerable because of their developing respiratory systems, older adults (aged 50 years 

and above) are also at risk from developing non-communicable diseases like COPD, stroke, diabetes, and 

cardiovascular disease (Health Effects Institute 2024). Comparative studies indicate that populations in LMICs 

are disproportionately affected compared to those in high-income countries, largely due to rapid urbanisation, 

weaker environmental regulations, and continued reliance on biomass fuels (Rentschler and Leonova 2023). In 

several major cities, including Delhi and Dhaka, annual PM2.5 levels often surpass the WHO recommended limit 

(5 µg/m³), with concentrations typically ranging from 90 to 100 µg/m³, which is approximately 20 times the rec-

ommended limit (Chetna et al. 2023). Similarly, some cities in sub-Saharan Africa, such as Lagos, have con-

sistently high levels of Air Quality Index (AQI) (>150) in the “Unhealthy” and “Very Unhealthy” ranges (Suriano 

et al., 2024, Odubanjo et al., 2024). These differences reflect regional variations in exposure and population 

vulnerability, driven by differences in industrialisation, urbanisation, energy use, and environmental governance. 

Fig. 3 illustrates the mortality rates attributed to ambient PM2.5 and O3 exposure in 2021 by demographic group 

(Health Effects Institute 2024). 
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Fig. 3: Mortality Rate in 2021 by Demographic Group 

3.1.4. Effect on the Environment 

Beyond its effects on human health, air pollution poses significant threats to both biotic and abiotic components 

of ecosystems. Air pollutants arising from anthropogenic and natural sources contribute to environmental deg-

radation at multiple scales. Elevated concentrations of pollutants such as SO₂ contribute to the formation of 

haze and photochemical smog, which reduce air quality and visibility while disrupting ecological processes 

(Wang et al. 2020). In addition, atmospheric reactions involving SO₂ and NO₂ lead to the formation of acid rain. 

Acid deposition has far-reaching environmental consequences, including soil acidification, freshwater acidifica-

tion, forest degradation, and reduced agricultural productivity (Environmental Protection Agency (EPA) 2022). 

Increased concentrations of particulate matter (PM10 and PM2.5) further contribute to environmental degradation 

by reducing visibility and impairing transportation systems, often resulting in disruptions such as traffic conges-

tion (Zhang et al. 2021). 

Air pollution also adversely affects vegetation and plant physiology. The Air Pollution Tolerance Index 

(APTI) has been widely used to assess plant responses to pollutant exposure. High levels of air pollutants can 

alter physiological and biochemical characteristics in vegetation including chlorophyll content, pH levels, ascor-

bic acid, and relative water content, ultimately reducing plant health, growth, and productivity (Singh et al. 2023, 

Bandara and Dissanayake 2021, Achakzai et al. 2017). Furthermore, tropospheric ozone stunts vegetative de-

velopment and interferes with photosynthetic processes, which ultimately reduces agricultural yields and jeop-

ardises global food security (Nowroz et al. 2024, Ramya et al. 2023). Secondary pollutants, such as smog 

formed through reactions between anthropogenic emissions and naturally occurring volatile organic compounds 

(VOCs), further degrade both air and water quality (Zhou et al. 2023). In regions with intensive mining and 

industrial activities, such as South Africa, pollutants including mercury are released into the environment through 

processes such as gold mining and coal combustion. These contaminants accumulate in aquatic systems and 

can have severe ecological consequences through bioaccumulation and biomagnification, ultimately threaten-

ing aquatic biodiversity and ecosystem stability.  
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3.1.5. Effect on the Economy 

Air pollution is closely associated with a variety of economic activities, such as transportation powered by ICE 

vehicles, industrialisation, fossil fuel combustion, urban and agricultural waste burning, and deforestation (Ar-

shad et al. 2024, Herath Bandara and Thilakarathne 2025, Pandya et al. 2022, Han et al. 2023). These activities, 

often compounded by inadequate environmental regulations and inefficient transport infrastructure, contribute 

significantly to increased emissions and environmental degradation (Al Alim et al. 2025, Lopez-Aparicio et al. 

2025). The resulting economic impacts are substantial and vary across regions, often manifesting as reduced 

productivity, increased healthcare costs, and measurable losses in gross domestic product (GDP). The global 

financial burden of atmospheric degradation is staggering. For instance, World Bank assessments revealed that 

contaminated air costs Indonesia more than USD 220 billion annually, representing approximately 7% of the 

country’s GDP (Awe et al. 2021). In India, the economic costs associated with premature mortality and morbidity 

due to air pollution have been estimated at USD 28.8 billion and USD 8.0 billion, respectively, accounting for 

about 1.4% of the national GDP (Pandey et al. 2021). These figures highlight the significant financial burden 

imposed by pollution-related health outcomes.  

At a more localised level, studies have demonstrated the direct relationship between air pollution exposure 

and economic losses. For example, Syuhada et al. (2023) examined the health and economic impacts of PM2.5 

and ozone (O₃) pollution across five districts in Jakarta, reporting increased mortality rates, hospital admissions, 

and associated economic costs, particularly among vulnerable populations such as children. Similarly, in Africa, 

air pollution imposes substantial economic losses. Fisher et al. (2021) estimated that in 2019, air pollution con-

tributed to economic losses of approximately USD 3.02 billion in Ethiopia (1.16% of GDP), USD 1.63 billion in 

Ghana (0.95% of GDP), and USD 349 million in Rwanda (1.19% of GDP). These findings underscore the sig-

nificant and geographically uneven economic burden of air pollution across both developed and developing 

regions. The impacts extend beyond direct financial losses to include reduced labour productivity, increased 

healthcare expenditure, and long-term constraints on economic growth. Addressing air contamination is conse-

quently essential not just for safeguarding ecological and human health, but also for ensuring long-term, sus-

tainable economic progress. 

The substantial health, environmental, and economic consequences of air pollution underscore the need 

for accurate monitoring and reliable forecasting systems that enable timely interventions, optimise mitigation 

strategies, and support evidence-based environmental policy and sustainable urban planning. The following 

section therefore reviews contemporary statistical, machine learning, and deep learning approaches for air qual-

ity forecasting. Given the substantial health, environmental, and economic effects of poor air quality, the demand 

for precise predictive modelling and atmospheric tracking has surged, as explored in the subsequent section. 

3.2. Air Pollution Prediction Models 

Air quality and pollutant concentrations have become critical indicators of both environmental integrity and hu-

man well-being (Chen et al. 2024, Alkhanani 2025). Consequently, the monitoring and forecasting of air quality 

have received increasing attention from governments, research institutions, and environmental stakeholders 

(Relvas et al. 2025, Nugroho et al. 2025, Zhu et al. 2023). Effective air pollution forecasting relies heavily on 

time-series data, where historical observations are used to estimate current conditions and anticipate future 
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pollutant concentrations (Rosca et al. 2025, Lawrence and Bhathmanabhan 2026, Chan et al. 2025, Rodríguez-

García et al. 2025). In response to this growing need, the number of air quality monitoring and data collection 

stations has expanded significantly worldwide in recent years (Sicard et al. 2023). Alongside this expansion, a 

wide range of modelling approaches have been developed to support air quality monitoring and forecasting. 

These methods range from traditional statistical models to recent data-driven techniques, such as machine 

learning and deep learning, that are increasingly employed to capture complex temporal patterns and improve 

air quality forecasting. Thus, the following subsections provide a detailed overview of these approaches, starting 

with statistical models, then moving to machine learning and more specifically to supervised learning and deep 

learning methods. 

3.2.1. Statistical Models 

Classical statistical frameworks formed the foundation to the early evolution of atmospheric forecasting and are 

still relevant in air quality forecasting (Lei et al. 2019, Liao et al. 2021). These models are typically used to 

examine past time-series data to identify patterns, such as seasonal, cyclical and long-term trends in pollutant 

concentrations (Devasekhar and Natarajan 2023). Among the most widely used techniques are the Autoregres-

sive Moving Aver-age (ARMA) model (Bartholomew 1971), the Autoregressive Integrated Moving Average 

(ARIMA) model, and its sea-sonal extension, the Seasonal Autoregressive Integrated Moving Average 

(SARIMA) model (Samal et al. 2019). 

Several studies have applied these models to air pollution forecasting, though with varying degrees of 

methodological transparency. Pant et al. (2023) applied a seasonal ARMA model to forecast the AQI in Deh-

radun, India, capturing periodic variations in pollutant levels. However, the model’s performance was reported 

solely via the Akaike Information Criterion (AIC = 630.19), with no RMSE or MAE provided thereby limiting to 

an independent assessment of forecasting accuracy. Compared to ARMA, ARIMA models incorporate an in-

tegration component that enables the modelling of non-stationary data, making them more suitable for real-

world air quality datasets. Borhani et al. (2023) utilised the Box–Jenkins ARIMA framework to analyse SO₂, 

PM2.5, and PM₁₀ concentrations in Tehran between 2011 and 2020, identifying seasonal peaks during winter 

and a gradual long-term decline in SO₂ levels. The study reported R² = 0.74 and RMSE = 2.18 ppb, but failed 

to explicitly specify a train–test partition, and used only 21 monitoring stations, which the authors acknowledged 

did not provide comprehensive spatial coverage of the city.. Likewise, Meenakshi Sundaram et al. (2022) de-

veloped a multi-pollutant air quality index prediction model with ARIMA with an RMSE below 8 and a 90% 

accuracy. However, the study did not report a standard regression performance metric and does not have a 

clear train–test split which has a high risk of temporal data leakage if a random partitioning method was em-

ployed. To address the seasonality in a more explicit way, SARIMA models have been widely adopted because 

they explicitly model seasonal patterns of the cyclical variations that are present in the time-series data. Bunnag 

(2024) used SARIMA and SARIMA-GARCH models to predict PM₁₀ levels and analyse its relationship with 

NO₂ and O₃ concentrations in Bangkok, obtaining MAE values of 15.30 (SARIMA) and 17.28 (SARIMA-

GARCH). The models, however, were fitted to the entire 2008–2023 dataset without a separate hold-out period, 

so reported errors are in-sample errors and not true out-of-sample forecasting errors. Unlike other reviewed 

statistical studies, Bhatti et al. (2021) applied a SARIMA model to PM2.5 data from Lahore, Pakistan, using a 
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clearly defined chronological train–test split (2014–2018 training, 2019 testing) and producing a mean percent-

age error of ‑0.3%, which may hide larger individual prediction errors not apparent at the mean level. 

Overall, these studies indicate that statistical models such as ARMA, ARIMA, and SARIMA perform rea-

sonably well for short-term and seasonal forecasting, particularly when dealing with univariate datasets or 

moderately complex systems. However, a closer methodological evaluation reveals limitations beyond their 

well-documented difficulty in capturing nonlinear relationships and multi-factor interactions. Several studies 

rely exclusively on in-sample fit statistics such as AIC rather than held-out error metrics (Pant et al. 2023; 

Bunnag 2024), train–test partitioning is frequently undisclosed or ambiguous, creating a risk of temporal leak-

age (Borhani et al. 2023; Meenakshi Sundaram et al. 2022), and none of the reviewed studies benchmark their 

models against even a naive persistence baseline. This pattern of inadequate validation is consistent with 

concerns raised in adjacent machine-learning review literature that caution that, the apparent effectiveness of 

a modelling technique cannot be meaningfully assessed without first scrutinizing the dataset generation pro-

cess, feature/validation strategy, and test conditions underlying the reported result (Alimi et al. 2020).  

Collectively, these findings suggest that the credibility of statistical forecasting models depends as much 

on rigorous validation design as on the underlying modelling approach itself. Studies employing transparent 

chronological validation and clearly defined testing procedures provide more convincing evidence of predictive 

capability than those relying solely on in-sample statistics or unspecified data partitions. Consequently, future 

statistical forecasting studies should prioritise transparent reporting of evaluation protocols, leakage-aware 

validation, external testing, and comparisons against naïve persistence baselines to ensure that reported per-

formance reflects genuine forecasting skill rather than favourable evaluation protocols. Table 4 summarizes 

selected recent studies that have applied statistical models for air pollution prediction across different regions, 

including a critical appraisal of their reported validation strategies. 

Table 4: Overview of Recently Proposed Statistical Models for Air Pollution Forecasting/Prediction.  

Ref. Feature 
Model/Al-
gorithm 

Pollutant Dataset Summary of Contribution 

Pant et al. 

(2023) 

Historical 

AQI 

Data; 

Seasonal 

Trend 

Analysis 

Seasonal 

ARMA 
PM10 

Dehradun, India 

(2017–2021); CPCB 

(Uttarakhand Govt.) 

Created AQI seasonality modelling on ARMA and 

underscored regional AQI prediction requirements in 

local health-planning. It did not break it down into 

components of pollutants but only used AQI. 

Borhani et 

al. (2023) 

Pollution 

Data and 

Meteoro-

logical 

Data 

ARIMA SO₂ 

Tehran Air Quality 

Control Company 

(AQCC), Depart-

ment of Environment 

(DOE) and Iran Me-

teorological Organi-

zation (IRIMO) 

Examined 10 years of multi-station data; mapped 

pollution hotspots with ArcGIS/IDW; best-fit ARIMA 

(3,1,4) achieved good accuracy for SO₂ (R²=0.74, 

RMSE=2.18). Limited to univariate ARIMA (no traf-

fic/emission data); struggled with PM10 predictions 

due to meteorological complexity. 

Meenakshi 

Sundaram 

et al. (2022) 

Pollutant 

Data 
ARIMA AQI 

India Pollution Con-

trol Board (IPCB) for 

the years 2015–

2020 

Added various pollutants to predict AQI, focused on 

minimising RMSE and health concern to the popula-

tion. No seasonal modelling or neural comparison is 

provided; information about the data is not detailed. 
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Bunnag 

(2024) 

Pollutant 

Data 

(NO₂, 

O₃); His-

torical 

PM10 

SARIMA, 

SARIMA-

GARCH 

PM10 

Ban-

somdejchaopraya 

Rajabhat University 

Station (O2T), span-

ning from January 

2008 to July 2023 

The results demonstrated that SARIMA was accu-

rate and provided moderate correlation with NO₂ and 

O₃ in comparison to the SARIMA-GARCH. This 

study focused on only a single pollutant, and the me-

teorological data was not observed. 

Bhatti et al. 

(2021) 

Pollutant 

Data 
SARIMA PM2.5 

Federal and Provin-

cial Environmental 

Protection 

Agencies collected 

air quality monitoring 

data for 6 years 

(2014–2019), La-

hore, Pakistan 

Developed optimal SARIMA (1,0,2) (1,0,0) model 

with very low mean error (≈0%); produced 3-year 

forecasts with confidence bands; identified Afghani-

stan as a significant pollution source using 

HYSPLIT. Relied only on historical PM2.5 data (no 

meteorological or socioeconomic predictors); miss-

ing station data reduced temporal robustness and 

continuity. 

3.2.2. Machine Learning Models 

Machine learning models have emerged as a highly favoured paradigm for forecasting atmospheric conditions 

driven by the rapid advancements in big data analytics and artificial intelligence (Tello-Leal et al. 2024, Cha-

dalavada et al. 2025, Chen et al. 2025). Traditional statistical models often struggle to properly model the non-

linear, high dimensional, dynamic nature of air pollution data, particularly when modelling large-scale time-series 

datasets with meteorological and pollutant variables (Lawrence and Bhathmanabhan 2026). As a result, the 

scientific community have increasingly adopted machine learning paradigms, because of their capacity to mine 

large, heterogenous datasets and extract highly intricate, hidden patterns (Mubeen et al. 2025). Among the 

various artificial intelligence approaches, supervised learning techniques are the most widely applied in air pol-

lution prediction because they utilise historically labelled datasets to learn relationships between historical pre-

dictor  variables and pollutant concentrations or air quality indices (AQI) (Oumoulylte et al. 2025, Kumar et al. 

2025). In the recent literature, machine learning approaches for air pollution forecasting are generally classified 

into two broad categories: traditional supervised learning models and deep learning models. 

The development of machine learning-based air pollution prediction systems typically involves three major 

stages: data collection, data preprocessing, and predictive modelling. The quality, completeness, and repre-

sentativeness of the dataset play a fundamental role in determining the reliability and generalisability of predic-

tive models (Hua et al. 2024). Maleki et al. (2022) similarly highlight that the strength of the machine learning 

models depends heavily on the quality of the datasets used to train and validate the models. Consequently, the 

methodological quality of data preparation and validation is as important as the selection of the predictive algo-

rithm itself. The following subsections therefore review traditional supervised learning and deep learning ap-

proaches while critically evaluating their methodological strengths and limitations. 

3.2.2.1. Data Collection 

Recent studies increasingly integrate multiple data sources to improve the spatial and temporal representation 

of air pollution patterns (Chen et al. 2022, Cao et al. 2020, Chatterjee et al. 2025). One of the most widely used 

sources is air quality monitoring stations, which provide high-resolution, time-stamped measurements of pollu-

tants such as PM2.5, PM₁₀, NO₂, SO₂, and CO (Simo et al. 2020). Operated by governmental agencies and 

research institutions, these stations deliver accurate ground-truth data critical for local pollution monitoring, 
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model trainingans validattion (Petrić et al. 2025). However, model accuracy and coverage are greatly affected 

by the density, spatial distribution, and maintenance of the monitoring stations.  

Many studies also use satellite remote sensing data, such as Moderate Resolution Imaging Spectroradiometer 

(MODIS), Sentinel, and Aerosol Optical Depth (AOD) imagery (Miller et al 2026, Kathiroli et al 2023, Ayek et al 

2025). Satellite data provides a large spatial coverage, more comprehensive data sources, and can provide 

information about atmospheric transport processes and the distribution of pollutants in the region, which is ben-

eficial for monitoring areas with limited monitoring infrastructure (Ma et al. 2022). Meteorological variables also 

play a fundamental role in air quality modelling. Variables such as relative humidity, temperature, wind speed, 

wind  direction, atmospheric pressure, directly influence the dispersion and accumulation of pollutants. Integrat-

ing these variables enables predictive models to capture atmospheric dynamics more effectively and improves 

the representation of temporal variations in pollutant concentrations. Additional data sources frequently used in 

the literature include traffic records, industrial emission records, socioeconomic indicators, land use and land 

cover (LULC) data, and environmental incident records, including wildfires and dust storms. These complemen-

tary datasets can be used to improve the ability of models to link pollution trends to environmental events and 

human activity (Hait and Sahu 2024, Du et al. 2023, Gaur and Singh 2023).  

When primary data are unavailable or insufficient, open-access repositories provide valuable alternatives 

for air quality research. OpenAQ and other platforms aggregate air quality data from governments and research 

institutes from over 100 countries, facilitating analyses between countries and improving the generalisability of 

models (OpenAQ 2024). Similarly, the UCI Machine Learning Repository offers benchmark datasets such as 

Beijing Air Quality dataset that are widely used for algorithm development and testing (Chen 2017). Other widely 

used resources include the World Air Quality Index (WAQI) platform and AirVisual, API based providing real-

time AQI data for global cities (AQICN 2025, IQAIR 2025). Furthermore, the Copernicus Atmospheric Monitoring 

Service (CAMS) provides satellite-based atmospheric composition and air quality products suitable for large-

scale forecasting and environmental monitoring (Peuch et al. 2022). Although these repositories greatly en-

hance data accessibility and reproducibility, differences in spatial resolution, measurement protocols, temporal 

coverage, and data quality should be carefully considered when integrating data from multiple sources. 

3.2.2.2. Data Preprocessing 

Following data collection, a data pre-processing stage is typically required to ensure that the data is of high 

quality and to enhance temporal robustness. Data preprocessing techniques include feature selection, feature 

extraction, normalisation and dimensionality reduction are essential to enabling machine learning models to 

learn effectively from the dataset  (Alimi et al. 2020). The primary objective of pre-processing is to transform 

raw datasets into structured datasets suitable for training, testing, and validation. 

One of the most recurrent issues with air pollution data is the missing values, which is frequently due to 

the malfunction of the measuring equipment, regular maintenance, or communication failures during data trans-

mission. To address the issue imputation, interpolation and forward/backward filling methods are common ap-

proaches employed by researchers (Zhang and Thorburn 2022). Outlier detection is also crucial since the model 

could be affected by abnormal sensor data or environmental variations (Diallo et al. 2024, AlSalehy and Bailey 

2025). Frequently used statistical techniques include z-score analysis and inter-quartile range (IQR) methods  

together with optimisation strategies like Genetic Algorithms (GA) and Ant Colony Optimisation (Dongre et al. 
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2025). Another crucial preprocessing step is temporal and spatial alignment of heterogenous datasets, integrat-

ing satellite observations with ground-based monitoring data (Cabello-Solorzano et al. 2023). In addition, pre-

dictor variables are often normalised using techniques such as min-max scaling or z-score standardisation to 

ensure that they are within similar numerical ranges, thereby improving model stability and convergence in the 

training process (De Amorim et al. 2023, Rahmad Ramadhan and Anne Mudya 2024). To address limited or 

imbalanced datasets, several studies employ data augmentation techniques such as the Synthetic Minority 

Oversampling Technique (SMOTE) and Generative Adversarial Networks (GANs) to create synthetic samples 

and enhance class balance (Barid et al. 2024, Rajakumari and Lanjewar 2023). 

Although preprocessing generally improves temporal robustness, the methodological choices made dur-

ing this stage can substantially influence model reliability and reproducibility. For example, performing feature 

selection, normalisation, or imputation before data partitioning can introduce temporal data leakage, resulting 

in overly optimistic performance estimates. Consequently, preprocessing operations should be applied within 

the training data and subsequently transferred to the validation and test datasets to ensure fair and reproducible 

model evaluation. 

3.2.2.3. Supervised Learning Models 

Traditional supervised learning models are still among the most widely used approaches for predicting 

pollutant concentration largely due to their ability to learn the relationships among the pollutants and the la-

belled input variables (Zhang et al. 2022, Essamlali et al. 2024). Commonly applied models are Multiple Linear 

Regression (MLR), Random Forest (RF), Support Vector Regression (SVR), Artificial Neural Networks (ANN), 

Gradient Boosting (GB), and eXtreme Gradient Boosting (XGBoost). Devasekhar and Natarajan (2023) em-

ployed linear regression models to predict annual PM2.5 concentrations in Hyderabad, India. However, the 

reported models yielded negative R² values across several predictor combinations (e.g., R² = ‑0.07 for humidity, 

‑0.17 for dew point using AdaBoost), indicating performance worse than a simple mean-based estimator, and 

the train–test protocol was not clearly specified. These findings should therefore be interpreted with consider-

able caution rather than as a representative example of supervised learning's applicability to PM2.5 prediction. 

Lei et al. (2022) compared MLR, SVR, GB, and RF models for air quality prediction in Macao using a strict 

chronological split across three independent test years (2019, 2020, 2021), where RF proved the most robust 

to the COVID-19-driven regime shift in 2020 (R² for PM2.5 declining from 0.88 to 0.65) while SVR degraded 

more severely (R² = 0.57). This represents one of the more rigorous validation designs among the reviewed 

studies. Maltare and Vahora (2023) reported an SVR-RBF model with R² = 0.999 and RMSE = 4.94 for AQI 

prediction outperforming both LSTM and SARIMA approaches. However, an R² this close to unity on a variable 

ranging from 0 to 500, together with an LSTM RMSE of 4.08, is more plausibly indicative of overfitting or a 

data-leakage artefact than of genuine predictive superiority, particularly as the margin between the competing 

models is marginal. Similarly, Zhao et al. (2022) enhanced SVR performance through Q-learning and Bees 

Swarm Optimisation for automated feature selection, achieving improved RMSE, MAPE, and NSE metrics 

compared to Ridge Regression and MLR. Nevertheless, R² varied considerably across the three cities tested 

(0.880–0.981), suggesting the presence of site-specific factors not captured by the feature-selection procedure, 

and no comparison against temporal models such as LSTM was reported. 
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Ensemble tree-based methods have also become increasingly popular as a result of their temporal robust-

ness and capability to capture nonlinear relationships. Agibayeva et al. (2022) demonstrated the efficiency of 

RF models in forecasting PM2.5 concentrations during the COVID-19 period. However, the study evaluated 

same-day prediction using contemporaneous rather than lagged predictors. Consequently, the reported R² (up 

to 0.99) largely reflect contemporaneous correlation between PM2.5 and PM10 and not to the model's forecasting 

accuracy. This distinction is important when interpreting temporal robustness. Similarly, Serrao (2023) applied 

Regression Trees and SVR to model the spatiotemporal variation in Delhi, which led to a competitive R² of 

0.874. However, the time horizon of the study was substantially longer (365 days), which is a major drawback 

when compared with other similar studies, which generally used time horizons of 1-7 days, and hence long-

term forecasts are inherently more uncertain. In other studies, hyperparameter tuning and advanced feature 

engineering methods were used to enhance the performance of RF, with the models often achieving better 

results than XGBoost or Support Vector Machines (SVM) (Alolayan et al. 2023, Isaev et al. 2022). However, 

Isaev et al. (2022) did not report an exact train–test split and did not provide a baseline comparison to evaluate 

the added value of the proposed approach, as the RMSE values spanned a wide range for each pollutant (e.g., 

2.0 for CO versus 45 for NO2). Alolayan et al. (2023) found that R² values increased significantly for the proxy 

emission features (33–61% relative increase), but remained relatively low (absolute R² 0.49–0.75). Ren et al. 

(2020) developed a sound methodological framework by testing 13 algorithms with 6 validation strategies: 10-

fold spatial, leave-month-out temporal, and peak-specific validation. Compared with linear models, RMSE de-

creased by 37% for both RF and XGBoost, and sample-weight tuning maintained predictive accuracy during 

periods of peak ozone levels (>70 ppb). The study also showed the interpretability of ML models by using 

Partial Dependence Plots (PDP) and Individual Conditional Expectation (ICE), showing physically meaningful 

nonlinear relationships, such as NOx–ozone chemistry. 

Paul et al. (2022) created the Canadian Optimised Statistical Smoke Exposure Model (CanOSSEM) using 

Random Forest to estimate daily PM2.5 from biomass smoke, with an overall RMSE of 2.96 μg/m³, across a 

large geographical area. However, leave-one-region-out and leave-one-year-out validation found the model 

performance deteriorated, as RMSE rose to 15.78 μg/m³ during the extreme 2018 wildfire season, and sys-

tematically underestimated the number of severe interface wildfires, including the 2016 Fort McMurray wildfire. 

To solve the data imbalance problem, Asgari et al. (2022) used a Distributed Random Forest with spatiotem-

poral partitioning for AQI classification in Tehran, which achieved a relative improvement in the precision of 

minority-class compared to Naive Bayes of 44–82%. However, this limited the global accuracy of the model to 

68%, and the lack of a persistence baseline prevented full assessment of the framework's practical benefit. 

Hybrid methods of neural networks and traditional statistical methods have also been investigated. Rahman et 

al. (2023) combined ANN and Triple Exponential Smoothing (TES) to forecast PM2.5 levels in Malaysia and 

obtained significantly smaller prediction errors when compared to individual models. 

In general, the reviewed studies showed that supervised machine learning models consistently achieve 

high predictive accuracy and outperform the conventional statistical models in dealing with high-dimensional 

and nonlinear air pollution datasets. This conclusion should be interpreted in the light of the methodological 

inconsistencies noted above, as near-unity R² values (Maltare and Vahora 2023) should be treated with sus-

picion of overfitting or leakage, and studies with concurrent predictors (Agibayeva et al. 2022) should not be 
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classified as forecasting models, and at least one study (Devasekhar and Natarajan 2023) reported negative 

R² values, which should be interpreted with caution when assessing algorithm performance.  

The collective findings from the reviewed works suggest that the dataset quality, feature engineering, and 

validation strategy are more important determinants of temporal robustness in supervised learning, as opposed 

to the choice of algorithm alone. Ensemble methods such as Random Forest and Gradient Boosting consist-

ently demonstrate reliable performance when evaluated using rigorous temporal or spatial validation schemes, 

whereas exceptionally high reported accuracies obtained without transparent validation procedures should be 

interpreted cautiously. These findings reinforce the importance of methodological transparency and reproduc-

ibility as prerequisites for meaningful comparison between competing machine learning models. Table 5 sum-

marizes recent studies that have applied machine learning techniques for atmospheric pollutant forecasting 

across various geographic contexts. Collectively, these findings demonstrate that robust validation design, 

transparent reporting, and appropriate benchmarking are more reliable indicators of forecasting quality than 

exceptionally high accuracy metrics reported in isolation. 

Table 5: Overview of Conventional Machine Learning Based Models for Air Pollution Forecasting/Prediction.  

Ref. Feature 

Model/A

lgo-

rithm 

Pollution Dataset Contribution in Summary 

Devase

khar 

and Na-

tarajan 

(2023) 

Meteorological 

Data 
LR PM2.5 Air quality Data in India 

The findings demonstrated a regional variance in 

the prediction, with an advisable need to com-

bine diverse approaches to enhance accuracy. 

The model involved only annual forecasting of 

PM2.5 with no real-time or hourly prediction anal-

ysis. It did not consider more than one pollutant 

and limited long-term forecasting. 

Lei et 

al. 

(2022) 

Meteorological 

Data 

Surface Obser-

vation 

MLR 
PM2.5 and 

PM10 

Macao Meteorological and 

Geophysical Bureau (SMG), 

and the upper-sounding data 

were obtained from Hong 

Kong King’s Park Station 

(Number 45004) 

MLR outperformed complex models during nor-

mal periods (2019–2021). The model underper-

formed during COVID-19 anomalies as it lacked 

temporal robustness to sudden emissions 

changes. In addition, it paid more attention to 

method comparison instead of the feature analy-

sis or system integration. 

Maltare 

and Va-

hora 

(2023) 

Meteorological 

Data 
SVR 

AQI (CO, 

PM2.5 and 

O₃) 

SAFAR January 2015 to 

January 2021. It is observed 

from 7 different air quality 

monitoring stations of Ah-

medabad 

Compared SARIMA, SVM, and LSTM; SVM with 

RBF kernel achieved the best performance. 

Highlighted the importance of preprocessing for 

improving accuracy. Did not address feature im-

pact, real-time deployment, or multivariate de-

pendencies. 

Zhao et 

al. 

(2022) 

Meteorological 

Data 

SAC-

QBSO-

SVR 

AQI 
AQIStudy January 1st, 2019, 

to December 31st, 2020 

Proposed spatio-temporal framework with fea-

ture selection, reinforcement learning, and trigo-

nometric tuning in order to enhance perfor-

mance. Model demonstrated strong AQI predic-

tions across 34 cities in the Yangtze River Delta. 

High complexity of the algorithms and focused 

only on AQI, not individual pollutants. 

Agiba-

yeva et 

al. 

(2022) 

Meteorological 

Data 
RF PM2.5 

Two air pollution monitoring 

stations in Astana, Kazakh-

stan into two periods (i.e., 

heating (October–April) and 

non-heating (May–Septem-

ber))  

 

Random Forest outperformed MLR (R² up to 

0.98) for PM2.5 forecasting and the authors used 

a DALY based health risk assessment in an at-

tempt to measure the burden to public health. 

The model examined only a single year data at 

two sites with regards to PM2.5, reducing gener-

ality and temporal stability. 

Serrao 

(2023) 

Meteorological 

and Pollutant 

Data 

RT-SVR 

SO₂, NO₂, 

PM2.5, O₃, 

PM10, 

Central Pollution Control 

Board (CPCB) of India from 

January 2015 to June 2023 

Designed a hybrid RT-SVR model that will be 

more resistant to fluctuations in pollution data 

and will have more temporal robustness as com-

pared to the individual models. Not widely 
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Benzene, 

CO, and 

Temperature 

validated; not extensively empirically tested and 

not broken-down pollution-wise 

Isaev et 

al. 

(2022) 

Meteorological 

Data 
RF 

NO₂, PM2.5, 

NO, PM10, 

CO, 

Kyrgyzhydromet 

Used weather observations to predict pollution 

and highlighted PM2.5 reduction during COVID-

19 lockdown (54% decrease). Nevertheless, lim-

ited model optimisation and results may not gen-

eralise to non-lockdown scenarios. 

Alolaya

n et al. 

(2023) 

Meteorological 

Data 

Power Plant 

Fuel 

Consumption 

RF SO₂, NO₂ 

six power plants and five air 

quality monitoring stations in 

the State of Kuwait 

Compared weather-only, fuel-only, and com-

bined models where the combined model im-

proved NO₂ prediction by 66% and SO₂ by 27%. 

It also identified feature equivalence between 

fuel and meteorology. However, it was limited to 

only two pollutants and only the daily average 

concentrations were used, thereby limiting its 

use in real-time forecasting. 

Paul et 

al. 

(2022) 

Satellite, Emis-

sions, Meteor-

ology 

RF PM2.5 
Government of Canada 

Open Data 

Developed a nationwide random forest model for 

PM2.5 exposure from biomass smoke. 

They generated fine resolution (5 km2) exposure 

estimates that can be used in health studies. 

The study focused solely on PM2.5 making it vul-

nerable to large wildfire events, as well as the 

complexity limits real-time use. 

Ren et 

al. 

(2020) 

Meteorological 

Data 

LULC 

RF O₃ 

US EPA Air Quality System  

 

USGS National Elevation 

Dataset 

 

The stationary source emis-

sion data were retrieved 

from EPA’s 2011 National 

Emission Inventory 

Compared 13 ML and LUR models for nation-

wide ozone forecasting where RF and XGBoost 

outperformed conventional LUR. The study ap-

plied advanced validation and variable 

weighting. Focused only on ozone and the ML 

models are computationally costly and complex. 

Rah-

man et 

al. 

(2023) 

Meteorological 

and Pollutant 

Data 

ANN-

TES 
PM2.5 

Malaysia’s Department of 

Environment (DOE) and 65 

air quality monitoring sta-

tions from January 2018 to 

December 2019 

Formed a hybrid model in forecasting region 

specific PM2.5 in Malaysia due to outperforming 

other models in both high and medium pollution 

areas. Data variability results in a huge decline 

in performance in areas of low pollution. 

Asgari 

et al. 

(2022) 

Meteorological 

Data 

RF, Ha-

doop 

and 

Spark 

AQI Tehran Air Quality Control  

Proposed a distributed forecasting framework 

(Spark + Hadoop) for large, imbalanced spatio-

temporal datasets where two-level partitioning 

improved the load balance. Distributed RF en-

hanced accuracy under data imbalance. High 

system complexity may limit scalability outside 

big-data infrastructure. 

While traditional supervised learning models have demonstrated strong predictive capabilities, recent studies 

increasingly favour deep learning approaches because of their ability to learn complex temporal and nonlinear 

patterns from large-scale air pollution datasets. 

3.2.2.4. Deep Learning Models 

Deep learning models represent a specialised subset of machine learning techniques that employ multi-lay-

ered ANNs to learn complex and nonlinear patterns from large-scale datasets (Ekundayo and Ezugwu 2025, Taye 

2023). Owing to the high-dimension nature, temporal dependencies, and volume of air pollution and meteorological 

datasets, deep learning approaches have become increasingly prominent in air quality prediction and forecasting 

tasks (Tello-Leal et al. 2024, Booth et al. 2025). In particular, recurrent neural networks (RNNs) and their variants 

have shown strong capability in modelling sequential time-series data, making them well-suited for forecasting 

pollutant concentrations and Air Quality Index (AQI) levels (Andrade et al. 2025, Chan et al. 2025, Waseem et al. 

2022). Several studies report that deep learning models yield better temporal robustness than traditional machine 
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learning, though the magnitude of the reported gains warrants scrutiny in a number of cases. Aljanabi et al. (2021) 

compared a Multi-Layer Perceptron (MLP) model with conventional models such as SVR and XGBoost for fore-

casting NO₂, SO₂, and PM₁₀ concentrations. After applying preprocessing techniques including noise reduction 

and Pearson correlation-based feature selection, the MLP model outperformed the competing approaches across 

multiple evaluation metrics. Wai and Yu (2023) evaluated ANN models against Computational Fluid Dynamics 

(CFD) methods for modelling urban PM₁₀ dispersion, achieving comparable accuracy (R = 0.82 versus 0.81) at a 

fraction of the computational cost providing an important practical advantage for operational deployment, though 

the ANN's black-box nature was explicitly acknowledged by the authors. 

Hybrid and ensemble deep learning approaches have also gained significant attention. Scagliotti et al. (2022) 

combined an ANN with a Self-Organizing Map (SOM) to predict PM2.5 concentrations in Buenos Aires, reducing 

RMSE from 11.4 to 1.8 µg/m³. This dramatic improvement should, however, be understood in light of the fact that 

the task was using concurrent predictors rather than genuine forecasting, and the resulting model may be overfitted 

to the specific station and limited 2015–2017 data period. Aguilera et al. (2023) developed a new spatiotemporal 

ensemble approach (DRF, GBM, DL) combining wildfire data, LULC, meteorological data, and AOD measure-

ments, obtaining an R² of 0.83 using a strict spatial cross-validation. Among deep learning approaches, LSTM 

networks have emerged as the most widely adopted models for air pollution prediction owing to their capacity to 

capture long-term temporal dependencies in sequential data. Gu et al. (2022) proposed HIPML, a hybrid Deep 

Neural Network (DNN)–NARMAX framework incorporating Orthogonal Forward Regression (OFR) for feature se-

lection and tested using Beijing air quality data. The proposed model consistently outperformed benchmark ap-

proaches across multiple forecasting horizons. Notably, the study is among the few reviewed studies to provide 

interpretable, feature-level insight into model behaviour, representing a notable advance over black-box alterna-

tives. However, Alghieth et al. (2021) and Arsov et al. (2020) reported that LSTM models outperformed ARIMA, 

Gated Recurrent Unit (GRU), and conventional RNN models in PM₁₀ forecasting tasks. Alghieth et al. (2021), 

however, the reported R² = 0.999 and MAE = 0.98 for hourly PM10 prediction in a city where concentrations range 

from near-zero to over 1000 µg/m³ is implausibly precise, and in the absence of any baseline comparison it is not 

possible to determine whether this reflects genuine model ability, data leakage, overfitting to an undersized test 

set, or an unreported scaling artefact. Gladkova and Saychenko (2022) compared ARIMA, Prophet, and LSTM 

models across Russian cities and reported superior temporal robustness from the LSTM approach, though the 

underlying error values were reported in normalised rather than raw µg/m³ units, complicating interpretation of 

absolute accuracy. 

Several recent studies have enhanced LSTM architecture by incorporating additional contextual variables and 

optimisation techniques. Espinosa et al. (2021) and Cican et al. (2023) integrated meteorological, pollutant, and 

population data into LSTM and GRU frameworks for NO₂ forecasting. Cican et al. (2023) is particularly noteworthy 

for its methodological candour, reporting R² < 0.8 for both architectures across an exhaustive 5,832-configuration 

hyperparameter search, and explicitly acknowledging the limitations of the available predictor set rather than over-

stating model performance. Kachhara and Jain (2022) proposed a hybrid LSTM-ARIMA framework for AQI predic-

tion across Indian cities, combining the strengths of statistical and deep learning approaches. Tao et al. (2023) 

integrated GEOS-Chem simulations and satellite-derived AOD data within an LSTM framework for air quality pre-

diction in Iraq, reporting R² = 0.92 with rigorous spatial validation using MapCurve and Cramer's V statistics. Drewil 

and Al-Bahadili (2022) utilised Genetic Algorithms (GA) to optimise LSTM hyperparameters for forecasting PM2.5, 
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PM₁₀, CO, and NO₂ concentrations, reporting RMSE improvements over Bi-LSTM and CLSTM benchmarks. How-

ever, the results were drawn from separate studies using different datasets, time periods, and evaluation protocols 

rather than from a like-for-like re-implementation. Additionally, the GA search itself used a population size and 

generation count of only four, which is generally considered too small for meaningful hyperparameter optimisation 

both of which factors weaken the claimed superiority. Advanced architectures combining multiple deep learning 

techniques have also demonstrated promising results. Yasmin et al. (2023) proposed AQIPred, a hybrid MLP-

LSTM framework applied to the Beijing Multi-Site Air Quality dataset, achieving an R² of 0.95 and reportedly out-

performing multiple state-of-the-art models. The accompanying MAE (0.0075) and MAPE (0.42%), however, are 

implausibly small for AQI values ranging from 0 to 500 and are more likely artefacts of data scaling or normalisation 

than genuine indicators of prediction accuracy. Also, the improvement over standalone LSTM and MLP baselines 

is, on closer review, marginal. Jesupriya et al. (2025) employed a Bidirectional LSTM (BiLSTM) combined with a 

multi-head attention mechanism to classify AQI severity levels in Indian cities, achieving a validation accuracy of 

99.2%. However, the model's binary hazard-trigger component recorded a false-negative rate of 36.12%, which is 

a materially significant limitation for a safety-critical, real-time early-warning application, since missed hazard de-

tections carry direct public-health consequences that the headline accuracy figure does not convey. 

Overall, the reviewed studies demonstrate that deep learning models provide advantages in modelling com-

plex, nonlinear, and high-dimensional air pollution datasets, and their ability to automatically extract temporal and 

spatial features has contributed to improved forecasting accuracy relative to conventional statistical and traditional 

machine learning models in several well-validated cases (e.g., Lei et al. 2022, Aguilera et al. 2023, Gu et al. 2022, 

Tao et al. 2023). This advantage should not, however, be generalised uncritically across the full body of reviewed 

work: a substantial subset of the headline LSTM and hybrid results including near-unity R² values, sub-1% MAPE 

figures, and cross-study "outperformance" claims computed on non-identical datasets. These results may reflect 

unaddressed concerns about data leakage, overfitting, artefacts related to scaling, or lack of comparability, and 

one high accuracy classification model hides a safety-relevant failure mode within the aggregated metric (Jesupriya 

et al. 2025). The current paradigm of offline training and online application is demonstrated to yield performance 

that is not necessarily adaptable to the current and dynamic operating conditions. The effective use of these tech-

niques requires not only the availability of large amounts of data, significant computing resources, and careful 

hyperparameter tuning, but also reporting the results of validity checks in a transparent way that prevents leakage.  

Overall, the reviewed evidence suggests that the advantages of deep learning models are conditional rather 

than universal. They are most useful when modelling large-scale nonlinear spatiotemporal datasets obtained under 

strict validation procedures and adequate training data. On the other hand, findings that are accompanied by unu-

sually high prediction performance with unclear validation processes or across non-comparable datasets should 

be treated with caution. Future research should therefore place equal emphasis on model interpretability, uncer-

tainty quantification, reproducibility, and real-world deployment alongside further improvements in predictive accu-

racy. An overview of recent deep learning implementations for air quality forecasting across diverse geographical 

areas, together with a critical appraisal of their reported validation strategies, is presented in Table 6. 
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Table 6: Overview of deep learning models for air pollution forecasting/prediction.  

Ref. Feature 

Model/A

lgo-

rithm 

Pollution Dataset Contribution in Summary 

Aljana

bi et 

al. 

(2021) 

Meteorologi-

cal and Pol-

lution Data 

MLP 
NO₂, SO₂ 

and PM10 

Daily Pollution Concentra-

tions in King Al-Hussein 

Public Parks Station Da-

taset, 2019. ASU Weather 

Station Dataset, 2019. 

MLP outperformed SVR, XGBoost, and DTR with R² 

values above 90%. The study also examined sensor 

multiplicity and feature reduction to optimise perfor-

mance. Limited exploration of deep learning meth-

ods beyond MLP (e.g., LSTM, hybrid approaches), 

restricting broader applicability. 

Wai 

and 

Yu 

(2023) 

Meteorologi-

cal Parame-

ters and 

PM10 Con-

centrations 

ANN PM10 

Hong Kong Environmental 

Protection Department 

(EPD) 

ANN showed high accuracy and faster execution 

compared to CFD in modelling PM10 dispersion in ur-

ban canyons. Accuracy of CFD model, however, 

makes it difficult to apply in the real-life scenario. 

Also, the accuracy of the ANN model deteriorated in 

the unseen environments. 

Scagli

otti et 

al. 

(2022) 

Meteorologi-

cal Data 

ANN-

SOM 
PM2.5 Github Repository 

Use of self-organizing maps and mixed ML methods 

improved predictor selection and enhanced MLP 

forecasting performance in Buenos Aires. Nonethe-

less, it only focused on PM forecasting, limiting its 

transferability to other pollutants or cities with differ-

ent environmental conditions. 

Aguile

ra et 

al. 

(2023) 

AOD, 

Meteorologi-

cal Data, 

LULC and 

Wildfire Data 

ANN-en-

semble 
PM2.5 Wildfire PM2.5 California 

Developed an ensemble model tailored to wildfire-

specific PM2.5 imputation, offering a novel way to iso-

late smoke-related pollution. Lack of validation 

against direct smoke-PM2.5 measurements and ab-

sence of links to health outcome analysis limit relia-

bility and impact. 

Gu et 

al. 

(2022) 

Air pollution, 

Season and 

Weather 

Measure-

ments 

HIP-ML PM2.5 

UC Irvine Machine Learning 

Repository, (n.d.). UCI Ma-

chine Learning Repository 

2012 to 2015 in Beijing, 

China 

Proposed a Hybrid interpretable model (HIP-ML) 

combining DNN and NARMAX achieved strong 

short-term predictive accuracy (1-hr correlation = 

0.987), especially effective for peak PM2.5 events. 

High complexity, restricted to PM2.5, dependent on 

rich historical data; requires advanced feature engi-

neering and expert tuning, reducing usability in real-

world or resource-limited settings. 

Alghi-

eth et 

al. 

(2021) 

Meteorologi-

cal Data 
LSTM PM10 

General Authority of Meteor-

ology and Environmental 

Protection in Saudi Arabia  

Created LSTM based PM10 prediction model of Ri-

yadh; obtained a good model of PM10 with high accu-

racy (R² = 0.999); used data normalisation and data 

interpolation as a preprocessing step. Time-consum-

ing data cleaning was the only aspect that was per-

formed at PM10. 

Arsov 

et al. 

(2020) 

Meteorologi-

cal and Pol-

lution Data 

RNN-

LSTM 
PM10 Skopje Air Pollution (GitLab)  

RNN and LSTM outperformed ARIMA for O₃ and 

PM10 forecasts, particularly when meteorological in-

puts were included. Limited to short-term and re-

gional predictions, lacking interpretability and gener-

alisability. 

Glad-

kova 

and 

Saych

enko 

(2022) 

Meteorologi-

cal and Pol-

lution Data 

LSTM PM2.5 

World Air Quality Index pro-

ject 2021 (Air Quality Open 

Data Platform), Russia 

The study compared ARIMA, Prophet, and LSTM for 

PM2.5 trends and highlighted the role of data visuali-

sation and trend analysis in air quality management. 

It was restricted to long-term predictions; heavily de-

pendent on data quality, which was often inade-

quate. 

Espi-

nosa 

et al. 

(2021) 

Meteorologi-

cal and Pol-

lution Data

  

LSTM NOx, NO₂ 

2015 to 2017 Wrocław 

Contamination data are rec-

orded by the Provincial Envi-

ronment Protection Inspec-

torate 

traffic data are collected by 

the Traffic Public Transport 

Management Department of 

the Roads and City Mainte-

nance Board 

Combined deep learning (LSTM, GRU) with statisti-

cal models (RF), emphasising temporal robustness 

via statistical validation. High computational cost and 

heavy feature engineering requirements reduce 

scalability. 
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meteorological data belong 

to the Institute of Meteorol-

ogy 

Cican 

et al. 

(2023) 

Meteorologi-

cal and Pol-

lutant Data 

LSTM NO₂ 

Romanian National Air Qual-

ity Monitoring Net-work 

1 August 2021 to1 July 2022 

Visual Crossing Weather 

Compared LSTM and GRU for NO₂ in Bucharest, 

showing similar accuracy with GRU slightly outper-

forming; handled missing data effectively.  R² < 0.8; 

focused only on NO₂ without multi-pollutant consid-

eration. 

Ka-

chhara 

and 

Jain 

(2022) 

Pollutant 

Data 

LSTM-

ARIMA 
AQI 

Central Pollution Control 

Board (CPCB) of India 

Analysed six years of data across 23 Indian cities, 

finding XGBoost superior to LSTM, RNN, and others 

for PM2.5 prediction in terms of the linearity of pre-

dicted and measured values. Focused mainly on 

model comparison without exploring interpretability 

or causal insights. 

Tao et 

al. 

(2023) 

Meteorologi-

cal Data, 

AOD and 

Soil Data 

LSTM PM2.5 

AOD Atmospheric Composi-

tion Analysis Group 

ERA5 reanalysis, Coperni-

cus Climate Data Store 

Developed high-resolution PM2.5 model in Iraq using 

Bayesian-optimised LSTM with simulated annealing 

for predictor selection; achieved high accuracy (KGE 

= 0.89). However, the calibration restricted to early 

summer months, limiting temporal generalisability. 

Drewil 

and 

Al-Ba-

hadili 

(2022) 

Pollution 

Data 

GA-

LSTM 

PM2.5, PM10, 

CO, and 

NOx 

Historical dataset from the 

Kaggle website India from 

2017 to 2020 

Hybrid GA-LSTM efficiently forecasted multiple pollu-

tants (PM10, PM2.5, CO, NOx) with improved accu-

racy and computation efficiency. But due to de-

mands of computation power and reliance on GA it 

may not apply on real-time applications. 

Yas-

min et 

al. 

(2023) 

Meteorologi-

cal and Pol-

lutant Data 

MLP-

LSTM 
AQI 

Beijing Multi-Site Air-Quality 

Dataset (2013–2017), UCI 

Machine Learning Reposi-

tory. 

Effective hybrid neural network system that can ef-

fectively capture spatial and temporal interactions in 

the data of AQI and have greater accuracy as com-

pared to the current models. It also had an objective 

analysis of preprocessing methods and feature-wise 

performance. Still, this complexity can represent an 

obstacle in the model implementation in low-re-

source environments. 

Jesu-

priya 

et al. 

(2025) 

Meteorologi-

cal and Pol-

lutant Data 

BiLSTM 

+ Multi-

Head At-

tention 

Hybrid 

DL 

AQI 

Time-Series Air Quality Data 

of India (2010–2023) from 

Kaggle 

The model is an advanced interpretable deep learn-

ing model with real-time applicability that showed 

multi-output classification and the prediction of AQI 

severity. Experienced minor issues with high AQI 

level discrimination and does not have up to date in-

tegration of spatiotemporal or meteorological aug-

mentations 

 

Overall, the reviewed literature demonstrates substantial progress in the application of statistical, ma-

chine learning, and deep learning models for air pollution prediction and forecasting. Advances in data collec-

tion, preprocessing, feature engineering, and hybrid modelling techniques have significantly enhanced predic-

tion accuracy and the ability to capture complex temporal and spatial patterns of pollution. Despite these ad-

vances, important challenges remain regarding the quality of data, model interpretability, computational com-

plexity, uncertainty analysis, and the broader applicability of models to other environmental settings. These 

restrictions indicate promising future research directions, which are further discussed in the following section. 

In addition, the reviewed literature reveals a notable methodological gap in the evaluation of model per-

formance during extreme pollution events.. Validation is typically conducted under normal operating conditions 

using conventional train–test or cross-validation procedures, with few studies explicitly assessing model tem-

poral robustness during rare events such as severe wildfire episodes or prolonged pollution spikes. Evidence 

from national-scale wildfire forecasting demonstrates that models performing well under conventional validation 

may degrade substantially under unprecedented conditions (e.g., Paul et al., 2022). This limitation represents 

a distinct methodological blind spot that extends beyond concerns of temporal data leakage. Furthermore, the 
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prevailing paradigm of offline model training followed by online deployment often limits the ability of forecasting 

systems to adapt to evolving environmental conditions and changing data distributions (Alimi et al. 2020). Ad-

dressing these challenges will require greater emphasis on rigorous validation protocols, uncertainty quantifi-

cation, explainability, external validation, and adaptive learning strategies to improve the reliability and practical 

deployment of future air quality forecasting systems. These issues provide important directions for future re-

search, which are discussed in the following section. 

4. RESEARCH GAPS AND FUTURE WORKS  

Despite significant advances in the use of statistical, machine learning, and deep learning approaches for air 

quality forecasting, several key challenges remain. Although recent research have reported high prediction per-

formance, many existing methods still suffer from data quality issues, model interpretability limitations, scalabil-

ity problems, and real-world deployment limitations. Addressing these challenges is important for developing 

robust, reliable, and transferable air quality prediction platforms. To provide a structured synthesis of the iden-

tified research gaps the shortcomings revealed in this review are organised into two linked themes rather than 

presented as an unordered catalogue. The first focusses on data-related challenges including quality, resolu-

tion, and representativeness of the datasets; and the second examines modelling- and deployment-level chal-

lenges including how models are built, validated, and operationalised once suitable data exists. 

4.1. Dataset Characteristics 

The performance of air pollution prediction models is highly dependent on the quality, completeness, and repre-

sentativeness of the underlying datasets (Narkhede et al. 2025, Betancourt et al. 2021). However, several limita-

tions associated with existing datasets continue to affect model reliability and forecasting accuracy: 

• Temporal Resolution: Current air pollution datasets vary considerably in temporal granularity, ranging from 

high-frequency real-time measurements to daily or monthly averages. Many existing models are optimised for 

specific temporal resolutions and therefore struggle to effectively handle both short-term forecasting and long-

term trend analysis simultaneously. Future studies should focus on developing adaptive, multi-resolution ar-

chitectures that can more seamlessly assimilate disparate time-series data (Zhalehdoost and Taleai 2025).; 

• Spatial Heterogeneity: Ground-based monitoring stations offer highly accurate local measurements, while sat-

ellite-derived data offer broader spatial coverage with a lower spatial resolution. It is difficult to integrate these 

heterogeneous data sources because of aggregation and downscaling processes can conceal significant spa-

tial information and decrease the accuracy of the predictions (Zhalehdoost and Taleai 2025).Future research 

should therefore prioritise advanced data fusion methods to allow for the effective fusion of multi-source data 

while maintaining spatial fidelity. 

• Data Completeness: Air pollution datasets frequently contain missing data due to sensor failure, maintenance 

disruptions, transmission problems and cloud cover affecting satellite imagery. While there are a number of 

imputation techniques, many of them are inefficient in reproducing extreme pollution events or sharp temporal 

shifts (Kalajdjieski et al. 2023). Future studies should explore more robust methods for preprocessing data 

and recovering missing data capable of handling extensive missing data without loss of temporal/spatial con-

sistency. 
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• Bias and Representativeness: Existing datasets are predominantly collected in urban settings resulting in rural 

and resource-poor areas being underrepresented (El-Hajj 2026, Muneri et al. 2026). Furthermore, the severity 

of pollution events is relatively low when compared with normal air quality days, creating class imbalance 

issues in the training of the model (Bachtiar et al. 2026, Muhammad et al. 2025). These limitations reduce the 

transferability and generalisability of predictive models across different geographical and environmental con-

texts. To enhance the model temporal robustness and representativeness, future research should therefore 

focus on balanced sampling, transfer learning, and larger, more geographically representative datasets 

(Shahbazi et al. 2023). 

4.2. Modelling Challenges 

Although recent machine learning and deep learning models have demonstrated good prediction accuracy, the 

literature reviewed reveals several methodological and practical constraints. 

• Model Interpretability: Deep learning models are often criticised as “black-box” models, because their internal 

decision-making processes are difficult to interpret. While these models frequently achieve high predictive 

accuracy, their lack of transparency can limit stakeholder trust and limit their adoption in policy and regulatory 

contexts (Tasioulis and Karatzas 2023, Panda and Sinha 2024). Future research should incorporate Explain-

able Artificial Intelligence (XAI) techniques to improve the interpretability of the model and make the decision-

making process more transparent. 

• Data Integration: as Although recent studies increasingly combine meteorological data, satellite images, traffic 

data and socioeconomic indicators the methods used to integrate these heterogeneous data sources remain 

inconsistent and fragmented. The absence of standardised data integration frameworks limits reproducibility 

and makes meaningful comparisons between studies difficult (Malings et al. 2024, Lilhore et al. 2025, Rowland 

and Karakuş 2023). Future research should therefore focus on unified multi-source data fusion frameworks 

that improve temporal robustness while supporting reproducibility and cross-study comparability. 

• Spatial and Temporal Generalisation: Most existing models are developed and validated using local data or 

historical observations and may fail to accurately predict results in other geographical regions or under different 

climatic conditions. Future studies should therefore prioritise transferable, scalable modelling frameworks that 

support changing geographical and environmental landscapes. 

• Data Limitations: Several reviewed studies relied on simulated datasets, open-source databases, and short-

term data from short monitoring periods, with varying reliability of the equipment (Taştan 2025, Karmoude et 

al. 2025, Kamigauti et al. 2024). Such restrictions can result in inaccuracies in the predictions and reduce the 

model's temporal robustness. Future efforts should emphasise large-scale, high-quality, and more geograph-

ically diverse datasets by expanding monitoring networks and promoting data-sharing initiatives. 

• Model Reliability and Overfitting: The review identified substantial variation in validation practices across stud-

ies. Many papers did not clearly report chronological train–test splits, relied solely on cross-validation, omitted 

benchmark comparisons, or reported implausibly high prediction accuracies that may indicate overfitting or 

data leakage. (Karmoude et al, 2025, Sawah et al, 2025). These shortcomings hinders reproducibility and 

reduces confidence in reported performance. Future studies should adopt leakage-aware validation protocols, 

benchmark models, uncertainty quantification, and standardised evaluation frameworks to improve the tem-

poral robustness and consistency of the models. 
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• Real-Time Deployment and Edge Computing: Although many studies demonstrate excellent predictive capa-

bilities in experimental settings, few address deployment in operational environments. Models are rarely eval-

uated under changing environmental conditions, extreme pollution episodes, or real-time streaming data, and 

few are optimised for the Internet of Things (IoT) and smart cities (Chan et al. 2024, Gill et al. 2025). The next 

generation of research should prioritise computationally efficient, adaptive, and low-latency forecasting sys-

tems capable of supporting continuous real-time tracking of air quality and prompt policy decisions. 

Addressing these research methodological challenges are essential for the future of air pollution forecasting. 

In the future, efforts should focus on building interpretable, scalable and computationally efficient models that can 

integrate different datasets and be used under various environmental conditions. Such advancements will improve 

the reliability, transparency, and transferability of forecasting models while supporting  evidence-based policymak-

ing, and sustainable air quality management. 

4.3. Practical Research Framework 

The critical synthesis presented in Sections 3.2.1 to 3.2.3 revealed that many published forecasting studies report 

high temporal robustness but employ inconsistent validation procedures, limited external testing, insufficient uncer-

tainty analysis, poor model interpretability, and inadequate benchmarking. To address these recurring methodolog-

ical shortcomings, this review proposes the framework shown in Table 7. Each component of the framework is 

directly aligned with the limitations identified throughout the reviewed studies and provides practical guidance for 

the development of more reliable, transparent, and deployable air pollution forecasting systems. 

Table 7: Proposed Research Framework.  

Framework Com-
ponent 

Shortcoming Identified in 
Review 

Recommendation 

Data quality 
Missing values, inconsistent 

preprocessing 
Standardise preprocessing, feature engineering and 

data integration 

Temporal valida-
tion 

Random train/test splits caus-
ing leakage 

Use chronological splits, rolling-origin evaluation and 
time-aware cross-validation 

Spatial validation Models tested on one city only 
Validate across multiple regions and monitoring sta-

tions 

Benchmarking 
No comparison with naïve 

models 
Compare against persistence, climatology and statisti-

cal baselines 

Uncertainty esti-
mation 

Only RMSE/R² reported 
Report confidence intervals, prediction intervals and 

uncertainty estimates 

Explainability Black-box models dominate Use SHAP, LIME, PDP or attention visualisation 

External validation Tested on one dataset only 
Evaluate on independent datasets from different re-

gions 

Reproducibility Missing implementation details 
Publish datasets, preprocessing steps, code and hy-

perparameters 

• Data Quality: Several reviewed studies reported missing data due to sensor failure, gaps in data transmission, 

and cloud cover, and imputation was found to be inadequate at detecting extreme pollution events (Kalajdjieski 

et al. 2023). The proposed framework suggests standardising the preprocessing, feature engineering, and data 

integration processes to enhance the reliability of the dataset. 

• Temporal Validation: Several reviewed studies did not clearly separate training and test data. Bunnag (2024) 

estimated the parameters from the entire dataset without any held-out period, and Meenakshi Sundaram et al. 

(2022) was identified as high risk for temporal leakage from an unknown split. In view of this, the proposed 
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framework recommends chronological data partitioning along with rolling-origin validation as shown by Pant et 

al. (2023) and Bhatti et al. (2021), for realistic forecasting evaluation. 

• Spatial Validation: Most reviewed models were developed and validated using data from a single city or a 

limited number of monitoring stations. Bhatti et al. (2021) focused on one city, and Asgari et al. (2022) was 

restricted to 21 stations judged insufficient for full coverage. The proposed framework therefore recommends 

validation across multiple regions and monitoring stations, following the leave-one-region-out approach of Ren 

et al. (2020), to establish spatial generalisability. 

• Benchmarking: Many reviewed studies reported model performance without comparison to naïve or statistical 

baselines. Pant et al. (2023) specified none, and Asgari et al. (2022) compared only to Naive Bayes, judged a 

weaker proxy than a persistence baseline. The proposed framework therefore recommends benchmarking 

against persistence, climatology, and statistical baseline models. 

• Uncertainty Estimation: Most of the reviewed studies reported point estimates like RMSE and R² (Pant et al. 

2023, Borhani et al. 2023), while Bhatti et al. (2021) reported confidence intervals. The proposed framework 

thus suggests reporting of prediction intervals, confidence intervals, and other measures of uncertainty in ad-

dition to commonly reported accuracy measures. 

• Explainability: In contrast to Ren et al. (2020) who highlighted a true nonlinearity between NOx and ozone with 

explainability methods such as PDP and ICE, most of the reviewed models remained unexplainable, with only 

a few reporting some limited interpretation capability. The proposed framework suggests employing explaina-

bility tools like SHAP, LIME, partial dependence plot, or attention visualisation. 

• External Validation: The reviewed models were mostly trained on a single dataset, with the exception of Paul 

et al. (2022), who used leave-one-region-out and leave-one-year-out validation for national-scale claims. The 

proposed framework therefore recommends external validation on independent datasets to test the generali-

sability of the findings for other situations than the one studied. 

• Reproducibility Several reviewed studies lacked critical implementation information, such as hyperparameters, 

preprocessing, and code availability. The work of Ren et al. (2020) is an example of a complex hyperparameter 

tuning process which was not fully disclosed. The proposed framework thus suggests publishing with datasets, 

preprocessing pipelines, code and hyperparameters alongside published findings. 

Collectively, these framework components address the principal methodological limitations identified throughout this 

review, namely inconsistent validation strategies, insufficient benchmarking, limited model interpretability, weak re-

producibility, and inadequate evaluation under real-world conditions. Reproducibility underpins all five, since none 

of these properties can be verified without access to the data, code, and settings behind a reported result. Rather 

than focusing solely on predictive accuracy, the proposed framework encourages the development of forecasting 

systems that are robust, transparent, reproducible, and suitable for operational deployment. 

Translating the themes above into a sequence of practical next steps, rather than a flat list of limitations, we propose 

the following priority order for the field: 

• First, adopt consistent evaluation practice: chronological train–test splitting, rolling-origin validation, and com-

parison against naive baselines should become minimum reporting requirements, since without them, gains 

attributed to model architecture cannot be distinguished from gains attributable to leakage-prone evaluation. 
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• Second, close the data-representativeness gap identified in Section 4.1, particularly for rural and resource-

constrained regions, since improved evaluation practice cannot compensate for training data that under-rep-

resents the conditions a model will be deployed in. 

• Third, prioritize interpretability and uncertainty estimation for models intended to inform regulatory or public-

health decisions, so that predictions carry a defensible confidence signal rather than a point estimate alone. 

• Fourth, once the above are in place, invest in real-time and edge-deployable architectures, since deployment 

efficiency is of limited practical value if the underlying model's generalisation performance has not first been 

established under rigorous, leakage-free evaluation. 

We present this ordering as a starting point for prioritisation rather than a strict dependency chain, since 

individual research groups will reasonably differ on sequencing given their available data and infrastructure 

5. CONCLUSIONS 

Atmospheric contamination continues to represent one of the most significant global threats to environmental 

sustainability and public health, with far-reaching consequences for climate systems, economic development, 

biodiversity, and human well-being. The rising concentration of pollutants such as NO2, SO2, CO2, and PM2.5 

and PM10 highlight the urgent need for  effective monitoring, prediction, and mitigation measures. This study 

presented a comprehensive review of the recent studies on air pollution focussing on its causes, sustainability 

impacts, and data-driven approaches for air quality prediction and forecasting. The review critically evaluated 

the methodologies, datasets, data pre-processing techniques, validation strategies and modelling frameworks 

employed in recent studies.  

The findings indicate that traditional statistical models such as ARIMA and SARIMA remain useful for 

short-term and seasonal forecasting, while machine learning and deep learning models generally demonstrate 

superior temporal robustness for nonlinear, highly dimension, and large-scale time-series datasets. However, 

this apparent advantage should be treated with caution because many of the studies reviewed relied on random 

rather than chronological train–test, partitioning, lacked external validation or benchmark comparisons, and fail 

to evaluate performance during extreme pollution events. Consequently, reported prediction accuracies may 

overestimate true forecasting capability, and claims of superiority cannot yet be generalised across studies 

employing heterogeneous and often inadequately reported validation procedures.. Deep learning approaches, 

particularly LSTM-based methods and hybrid models, demonstrate promising temporal robustness for various 

pollutants and geographic areas.  

The review also highlighted several key research gaps relating to dataset quality, model interpretability, 

validation practices, uncertainty quantification, data integration, scalability, and real-time deployment. These 

challenges underscore the need for more robust, transparent and transferable forecasting systems capable of 

integrating heterogeneous multi-source datasets while supporting reliable environmental decision-making. Un-

like previous reviews that primarily compare predictive accuracy, this review introduces a structured methodo-

logical evaluation framework that assesses forecasting studies by considering validation design, temporal ro-

bustness, data leakage risk, interpretability, and practical deployment readiness. This broader perspective of-

fers a more reliable basis for assessing forecasting models and identifying priorities for future air quality pre-

diction research. 
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In summary, this review provides an integrated synthesis of recent advances in statistical, machine learn-

ing, and deep learning approaches for air quality prediction and forecasting while highlighting the methodolog-

ical considerations necessary for reliable model evaluation.. The findings provide valuable guidance for re-

searchers, policymakers, urban planners, and environmental practitioners  seeking to develop robust, trans-

parent, and operational forecasting systems that support evidence-based air quality management and contrib-

ute to the achievement of the. Future research should focus on explainable AI, uncertainty quantification, ex-

ternal and temporal validation, adaptive real-time forecasting, edge computing, and the development of large, 

standardised data repositories to improve the reliability, transparency, and practical deployment of next-gen-

eration air quality forecasting systems. 
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