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 A B S T R A C T

Air quality is a critical determinant of human health, with severe consequences resulting from air pollution. The 
growing necessity for air quality monitoring has led to the adoption of IoT sensor networks, which provide 
real-time data for forecasting, issuing warnings, and informing public health interventions. In this context, 
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machine learning (ML) algorithms have proven to be powerful tools for enhancing air quality prediction and 
addressing monitoring challenges. However, a comprehensive review compiling the research space of ML for air 
quality is seldom available. This review analyzes over 70 recent studies that apply ML techniques to air quality 
monitoring, categorizing them based on the type of learning approach employed, with a focus on identifying 
the most effective algorithms in each category. The findings demonstrate that ensemble models such as Random 
Forest (RF) and Extreme Gradient Boosting (XGBoost) consistently achieve high accuracy in structured datasets, 
while deep learning (DL) approaches like Long Short-Term Memory (LSTM) and Convolutional Neural Networks 
(CNN) excel in capturing temporal dependencies and spatial patterns in pollution forecasting. Unsupervised 
approaches like clustering and anomaly detection effectively enhance data quality and sensor calibration, 
whereas reinforcement learning shows promise in adaptive control scenarios, despite challenges related to 
computational intensity and interpretability. This review is highly significant, offering valuable insights for 
policymakers and researchers in developing strategies to mitigate air pollution and improve public health 
using advanced ML techniques.
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1. Introduction

1.1. Background

As a result of technological advancements and rapid industrializa-
tion, air pollution has become a serious global problem. It is caused 
by a combination of gases and particles, such as PM2.5, nitrogen ox-
ides (NO𝑥), and sulfur dioxide (SO2), which are released into the 
atmosphere and lead to major problems. The issue of air pollution 
2 
is particularly severe in urban areas due to high traffic emissions, 
industrial activities, and energy consumption (Kunak, 2023). According 
to a study by the Centers for Disease Control, air quality in rural 
areas is often better than in urban areas. However, although pollutant 
levels are low, the study still detected measurable contaminants in 
rural areas (Oransi, 2023). Studies have shown that exceeding the 
World Health Organization (WHO) threshold limits for air pollutants 
can have severe consequences for human health (Ritchie and Roser, 
2024). The WHO recommends maintaining annual mean concentrations 
of PM  below 5 μg/m3, NO  below 10 μg/m3, and the peak season 
2.5 2
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Fig. 1. Generalized ML workflow for air quality monitoring and forecasting.
8-hour mean ozone concentration below 60 μg/m3 (World Health Or-
ganization, 2021b,a). According to the WHO, air pollution is the fourth 
leading cause of death worldwide, following cardiovascular disease, 
smoking, and poor diet (World Health Organization, 2021c). In 2019, 
air pollution, both ambient and household, was responsible for 6.7 mil-
lion deaths globally, highlighting the significant health burden posed 
by poor air quality (World Health Organization, 2024). In addition to 
its impact on human health, air pollution also negatively affects both 
the environment and the economy (Pandey et al., 2020).

1.2. Problem statement

Understanding and having accurate information about air quality 
are critical for creating and evaluating strategies to reduce the harmful 
effects of pollution. However, real-time monitoring alone is not enough, 
accurate prediction of air quality is also important. Predicting air 
pollution trends allows for early warnings, enabling governments and 
individuals to take preventive actions before pollution levels become 
hazardous.

To address these concerns, smart city technologies such as the 
Internet of Things (IoT) and Information Communication Technology 
(ICT) have become increasingly important (Rakholia et al., 2023). IoT 
technologies play an important role in daily human life by introducing 
advanced solutions to various challenges. Today, IoT provides an inno-
vative way to detect dangerous gases and monitor air quality through 
IoT-enabled sensors. IoT technologies not only enable real-time air 
quality monitoring through sensor networks but also facilitate pre-
dictive modeling by providing large-scale pollution data. These smart 
sensors continuously collect real-time information about air quality, 
such as pollutant levels, and immediately transmit this data to a central 
system or office over the Internet, helping to maintain a healthy and 
livable environment (Ali, 2022). Despite the importance of IoT in 
facilitating the collection of large amounts of air quality data, making 
sense of this data requires advanced analytical tools such as machine 
learning (ML).

ML has become increasingly popular in air quality prediction be-
cause of its high accuracy and ability to detect patterns, helping to pro-
vide early warnings for pollution-related health risks. When combined 
with IoT devices, ML enhances air quality monitoring by efficiently 
collecting and analyzing environmental data from various sensors. The 
generalized workflow for applying ML in air quality monitoring is 
illustrated in Fig.  1, showcasing key stages such as data collection, 
feature selection, model training, evaluation, and deployment.

Despite extensive research, a comprehensive literature compiling 
the knowledge space of ML for air quality is limited. Many studies 
focus on specific ML models or applications, but do not provide a clear 
and structured comparison of different ML approaches. A few existing 
reviews either categorize models based on learning paradigms or focus 
on model types, but only a handful of studies comprehensively analyze 
both perspectives.
3 
1.3. Objectives

This review aims to bridge existing gaps in the literature by provid-
ing a structured and comprehensive analysis of ML approaches applied 
to air quality monitoring and forecasting. This includes the classifica-
tion of ML techniques based on their learning paradigm: supervised, 
unsupervised, and reinforcement learning. Specifically, for supervised 
learning, we categorize models into non-neural network, deep learning 
(DL), and hybrid approaches, providing a detailed comparison of their 
strengths and weaknesses. By analyzing and synthesizing recent ad-
vancements in ML-based air quality monitoring, this review assesses the 
effectiveness of various ML techniques, highlighting high-performing 
models, key findings, and methodological advancements.

1.4. Contributions

This paper makes several key contributions to the field of ML-based 
air quality monitoring:

• Comprehensive Categorization and Comparative Evaluation 
of Model Performance of ML Techniques: We provide a struc-
tured classification of ML approaches used in air quality mon-
itoring, organizing them into supervised learning (Section 4), 
unsupervised learning (Section 7), and reinforcement learning 
(Section 8) paradigms. Supervised learning is further divided 
into non-neural network models, deep learning models, and hy-
brid approaches. We analyze and compare the effectiveness of 
different ML models in predicting air quality. The results high-
light that ensemble models such as Random Forest (RF) and 
Extreme Gradient Boosting (XGBoost) consistently achieve high 
accuracy in structured datasets, while deep learning approaches 
like Long Short-Term Memory (LSTM) and Convolutional Neural 
Networks (CNN) excel in capturing temporal dependencies and 
spatial patterns in pollution forecasting. A comparative analysis 
between non-neural networks, deep learning, and hybrid models 
is provided in Section 5 to assess their strengths and weaknesses.

• Analysis of Emerging Trends and Challenges: The paper exam-
ines the latest advancements in ML-driven air quality prediction, 
including the increasing adoption of hybrid models that integrate 
multiple algorithms for enhanced accuracy. We also discuss key 
challenges such as computational complexity.

• Overview of Data Sources and Features: In Section 9, we 
provide a review of the types of data used in air quality studies, 
including pollutant concentrations, meteorological parameters.

• Insights for Future Research:  By summarizing key findings 
from recent studies, this review provides actionable insights for 
researchers and policymakers, suggesting areas for further inves-
tigation. We identify promising directions such as optimizing ML 
models for real-time processing, integrating multimodal datasets 
for improved prediction accuracy.

This paper is organized as follows:
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• Section 1 provides an introduction to air quality monitoring, 
highlighting the role of ML in improving prediction and analysis.

• Section 2 describes the scope and methodology of the review.
• Section 3 discusses traditional statistical models and compares 
them with ML-based approaches.

• Section 4 presents supervised ML techniques, categorizing them 
into non-neural network methods, deep learning models, and 
hybrid approaches, while evaluating their effectiveness in air 
quality monitoring.

• Section 5 compares the performance of non-neural network, deep 
learning, and hybrid models.

• Section 6 highlights common challenges and limitations of high-
performing supervised ML models in air quality prediction.

• Section 7 explores unsupervised learning techniques, particularly 
clustering methods and anomaly detection.

• Section 8 examines reinforcement learning approaches applied to 
air quality monitoring and their limitations.

• Section 9 reviews the types of data used in air quality monitoring.
• Section 11 discusses interpretability in air quality forecasting.
• Section 10 discusses computational efficiency in air quality mod-
eling.

• Sections 12 and 13 present the discussion and conclusion, respec-
tively, synthesizing the findings, highlighting key insights, and 
emphasizing future research directions.

2. Review scope and methodology

2.1. Search strategy

To ensure a comprehensive review of relevant literature, a struc-
tured search strategy was employed. The objective was to identify stud-
ies that address key challenges in ML-based air quality monitoring, in-
cluding forecasting pollutant concentrations, integrating heterogeneous 
data sources, and improving model scalability.

A systematic search was conducted across multiple academic and 
specialized databases, including ScienceDirect, Web of Science, Google 
Scholar, ResearchGate, IEEE Xplore, and SpringerLink. These databases 
were chosen due to their extensive coverage of computer science, 
artificial intelligence, and environmental science research.

To refine the search results, Boolean operators and keyword com-
binations were employed. The search terms included variations of ‘‘Air 
Quality Monitoring’’, ‘‘Air Pollution Forecasting’’, ‘‘Machine Learning’’, 
‘‘Deep Learning’’, ‘‘Hybrid Models ’’, ‘‘Supervised Learning’’, ‘‘Unsu-
pervised Learning’’, ‘‘Reinforcement Learning’’, ‘‘Spatio-temporal data’’, 
‘‘Pollutant concentration’’, ‘‘Model optimization’’, ‘‘Real-time process-
ing’’, and ‘‘Computational efficiency’’. These keyword combinations 
ensured a broad search scope, capturing a diverse range of studies 
relevant to ML applications in air quality monitoring.

2.2. Screening process

A multi-stage screening process was implemented to refine the 
selection of studies. Initially, all retrieved articles underwent a title and 
abstract screening to exclude irrelevant studies. Next, full-text reviews 
were conducted to assess the methodological rigor and relevance of 
each study. Duplicate articles retrieved from multiple databases were 
removed during this stage. Finally, only studies that met all inclusion 
criteria were selected for systematic analysis.

2.3. Inclusion and exclusion criteria

To maintain a high-quality review, specific inclusion and exclusion 
criteria were applied.
4 
Fig. 2. Distribution of reviewed papers by year.

2.3.1. Inclusion criteria
Studies were included if they:

• Employed ML or deep learning techniques for air quality forecast-
ing.

• Were peer-reviewed journal articles or reputable conference pro-
ceedings published between 2017 and 2024. Fig.  2 illustrates the 
publication years of the reviewed studies.

2.3.2. Exclusion criteria
Studies were excluded if they:

• Focused only on air quality monitoring without ML-based predic-
tive modeling.

• Lacked real-world testing of ML models.
• Were non-peer-reviewed articles or preprints.
• Were duplicate studies retrieved from multiple databases.
• Addressed general environmental impact assessments without ML 
applications.

• Were written in languages other than English.

2.4. Data extraction and synthesis

For each included study, key data points were extracted, including 
publication year, ML models used, dataset characteristics, evaluation 
metrics, computational efficiency considerations, and key findings. The 
extracted data facilitated a comparative analysis of different models, 
allowing for an assessment of their strengths, weaknesses, and compu-
tational requirements. Studies were systematically categorized based 
on their methodologies and limitations. Performance metrics such as 
Root Mean Squared Error (RMSE) and Mean Absolute Error (MAE) were 
examined to identify trends in model accuracy.

2.5. Study selection overview

The literature search initially identified over 150 relevant studies. 
Following the screening process and the application of inclusion and ex-
clusion criteria, a final selection of 78 studies was made for systematic 
analysis.

3. Air quality prediction methods: From traditional models to ML 
approaches

Time series forecasting methods, such as AutoRegressive Integrated 
Moving Average (ARIMA), are widely used for air quality prediction. 
ARIMA is effective for modeling and forecasting short-term air quality 
trends when pollutant levels follow a linear pattern (Nguyen et al., 
2024d). However, for long-term forecasting and capturing seasonal 
variations, Facebook Prophet, a powerful time series forecasting model, 
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has been shown to provide more interpretable and flexible predic-
tions (Waqas et al., 2024). Traditional statistical methods often fail 
to account for nonlinear interactions between pollutants and envi-
ronmental factors, limiting their effectiveness in accurately modeling 
air quality trends. Recent research has demonstrated that ML models 
such as RF outperform traditional methods by effectively incorporat-
ing non-linearity and interactions between meteorological features, 
improving the correction of meteorological influences on pollutant 
concentrations (Qiu et al., 2022).

ML techniques can analyze multivariate data, such as meteoro-
logical conditions and emission levels, to uncover complex patterns 
and relationships that traditional statistical models struggle to detect. 
ML, especially neural networks, is becoming increasingly popular for 
predicting air pollution levels. Artificial Neural Networks (ANNs) are 
particularly effective at capturing complex relationships between pollu-
tants and factors like weather conditions and emissions (Nguyen et al., 
2024a). These models have been successfully used to predict air quality 
in both the short and long term, making them a powerful tool for 
tackling air pollution challenges.

4. Supervised ML in air quality

Supervised learning has been applied in numerous studies (Vieru 
and Cărbureanu, 2024; Lyu et al., 2022) to address challenges related 
to air quality monitoring, whether for forecasting purposes, exploring 
the relationships between air quality and various pollution factors, 
examining spatiotemporal variations, or investigating how changes 
in certain factors influence air quality predictions and related con-
cerns. Supervised learning includes a wide range of algorithms, from 
statistical models to more advanced ML techniques. In addition to tra-
ditional regression-based approaches, non-neural network algorithms 
have been widely employed due to their ability to handle structured 
environmental data efficiently. Among these, tree-based algorithms 
have demonstrated strong predictive capabilities, particularly for Air 
Quality Index (AQI) prediction.

4.1. Tree-based algorithms for AQI prediction

Many studies Mulomba and Choi (2024a), Bhalgat et al. (2019) 
have focused on predicting the AQI, a numerical index used to report 
air quality and measure air pollution levels. Tree-Based algorithms are 
commonly used and have shown superior performance. Among these, 
RF has consistently demonstrated the best performance, making it one 
of the most suitable algorithms for AQI prediction. RF is especially 
effective because it can handle non-linear patterns, making it great at 
capturing complex relationships between air quality variables. It is a 
flexible algorithm that can be used for a variety of tasks, including 
classification through the RF Classifier (RFC) and regression through 
the RF Regressor (RFR).

Bhalgat et al. (2019) found that RF outperformed Gaussian Naive 
Bayes and Linear Regression in AQI prediction. The study identified 
pollutant features such as PM2.5, PM10, and CO as key contributors 
to its success, confirming RF’s reliability for historical AQI predictions. 
Similarly, RFR emerged as one of the top-performing algorithms in a 
study (Gupta et al., 2023) focused on AQI prediction for four major 
Indian cities (New Delhi, Bangalore, Kolkata, and Hyderabad). By uti-
lizing Synthetic Minority Over-sampling Technique (SMOTE) to address 
dataset imbalance, RFR achieved a high accuracy rate and significantly 
lower RMSE scores compared to models like Support Vector Regres-
sion (SVR), further highlighting its effectiveness in handling complex 
data. Within the same country, another study (Oseni et al., 2024) 
investigated AQI variability across Delhi, Haryana, and Punjab, Gupta 
et al. demonstrated that RFR was the best-performing model, achieving 
near-perfect accuracy across Coefficient of Determination (𝑅2), Mean 
Squared Error (MSE), RMSE, and MAE. It effectively captured the com-
plex relationships between air pollutants and meteorological factors, 
5 
outperforming Category Boosting (CatBoost) and XGBoost, confirming 
its robustness in AQI prediction.

While RF has been shown to perform exceptionally well, Singh et al. 
(2024) demonstrated that the Decision Tree Regressor and K-Nearest 
Neighbors (KNN) outperformed RF and proved to be highly effective for 
fine-grained AQI prediction. The Decision Tree Regressor emerged as 
one of the best-performing models, demonstrating its ability to capture 
complex relationships between features such as CO, PM2.5, PM10, NO2, 
and SO2. Similarly, KNN also exhibited strong predictive performance. 
Although RF performed well, it was slightly outperformed by Decision 
Tree and KNN in the study. In contrast, Linear Regression and Logistic 
Regression showed lower predictive performance, further highlighting 
the advantages of tree-based and non-linear models for AQI forecasting.

4.2. Boosting algorithms for AQI prediction

Boosting algorithms are known for their ability to improve predic-
tions by combining simple models, learning from mistakes, and making 
the overall performance much better. They have consistently demon-
strated exceptional performance in AQI prediction tasks. Algorithms 
such as Adaptive Boosting (AdaBoost) and Gradient Boosting have been 
widely applied in various studies, often outperforming other traditional 
ML methods. Vieru and Cărbureanu (2024) evaluated multiple ML 
algorithms for AQI forecasting in Romanian cities, where AdaBoost and 
Gradient Boosting emerged as the top-performing models, delivering 
the most accurate and reliable predictions. Their ability to handle noisy 
datasets, capture complex relationships among features, and minimize 
prediction errors makes them some of the most reliable models for air 
quality forecasting.

Building on this success, more advanced boosting algorithms like 
XGBoost have continued to raise the bar, achieving even greater perfor-
mance. In a study Kumar and Pande (2022) predicting AQI across 23 
Indian cities, XGBoost achieved remarkable accuracy and low RMSE 
by leveraging pollutant data (PM2.5, PM10, CO, NO2, SO2) as inputs, 
significantly outperforming RF.

In a separate study Ravindiran et al. (2023), CatBoost, another 
robust boosting algorithm, was shown to deliver highly precise AQI 
predictions using both particulate matter and gaseous pollutants. Cat-
Boost achieved the highest accuracy among all models. The study 
identified PM2.5 and PM10 as the most significant contributors to AQI. 
CatBoost performed once again exceptionally well in regression tasks 
when predicting AQI status in multiple South African cities (Morapedi 
and Obagbuwa, 2023), achieving superior RMSE values. Meanwhile, 
RF and Decision Tree achieved perfect accuracy in AQI classification 
tasks, indicating the capability of boosting algorithms to predict AQI 
effectively even in diverse and complex environments.

4.3. Predicting pollutant concentrations using non-neural network algo-
rithms

While non-neural network algorithms have proven effective in fore-
casting overall air quality through AQI prediction, these models are 
also widely employed for estimating the concentration of individual 
pollutants. Many studies Liu et al. (2023), Zhu et al. (2024) have 
used supervised algorithms to predict pollutant concentrations, with 
several demonstrating that RF consistently outperforms other models 
due to its ability to handle complex interactions and diverse datasets. 
For example, a study Lyu et al. (2022) conducted in the Beijing-
Tianjin-Hebei (BTH) region of China utilized RF to investigate the 
spatiotemporal variations of air pollutants and predict ozone (O3) lev-
els. The study highlighted RF’s superior performance over Decision Tree 
regression, demonstrating its ability to accurately capture relationships 
between meteorological factors, such as solar radiation and temper-
ature, and ozone formation. This showcases RF’s capability to effec-
tively model complex environmental interactions. Similarly, RF demon-
strated strong performance in predicting PM  concentrations using 
2.5
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spatiotemporal data from 10 cities across the Jing-Jin-Ji region of China
(Ma et al., 2023). Another ensemble learning method, Extremely Ran-
domized Trees (ExtraTrees), also performed well in this study, achiev-
ing results comparable to RF. These findings highlight the adaptability 
and effectiveness of ensemble models like RF and ExtraTrees in address-
ing region-specific air quality challenges, particularly during winter 
when pollution levels peak. While ensemble methods like RF and Extra-
Trees have shown outstanding performance, simpler tree-based models 
have also demonstrated their effectiveness in air quality prediction. For 
instance, a study Kim (2023) conducted in Korean cities such as Yeosu, 
Gwangyang, and Suncheon employed Decision Tree Regression (DTR) 
for PM2.5 prediction. The model outperformed Multiple Linear Regres-
sion (MLR) and SVR, demonstrating its strength in capturing non-linear 
relationships between pollutants and other influencing variables. These 
findings suggest DTR’s suitability for real-time air quality management 
in regions with highly variable pollution levels.

Boosting algorithms have also demonstrated exceptional perfor-
mance in predicting pollutant concentrations (Doreswamy et al., 2020). 
For instance, Gradient Boosting Machines (GBM) were applied in 
Christchurch, New Zealand, to forecast short-term PM2.5 peaks (Miskell 
et al., 2019). The model proved highly effective in providing real-time 
predictions for short-term exposure mitigation, emphasizing the critical 
role of meteorological factors such as wind gusts and atmospheric 
pressure in shaping local air pollution dynamics.

Similarly, a study Morapedi and Obagbuwa (2023) conducted in 
South African cities found that CatBoost outperformed XGBoost in 
predicting PM2.5 concentrations, achieving lower RMSE values. The 
study further demonstrated CatBoost’s adaptability in leveraging data 
from neighboring cities to accurately estimate pollutant concentra-
tions in regions lacking monitoring stations, highlighting its potential 
for enhancing air quality monitoring in areas with limited infras-
tructure. Further evidence of boosting algorithms’ effectiveness comes 
from research in Ho Chi Minh City, Vietnam (Rakholia et al., 2024), 
where Light Gradient Boosting Machine (LightGBM) emerged as the 
top-performing model for short-term PM2.5 forecasting. The study high-
lighted LightGBM’s ability to efficiently handle complex datasets while 
incorporating meteorological, temporal, and rolling mean features. Its 
performance surpassed other models, including XGBoost, LSTM, and 
CNN-LSTM, demonstrating LightGBM’s computational efficiency and 
accuracy in urban air quality management. Several studies Rovira et al. 
(2022), Munir et al. (2022) have also demonstrated the effectiveness 
of other traditional ML approaches in predicting pollutant concentra-
tions. For instance, SVR was applied to estimate black carbon (BC) 
concentrations using various input features, including NO2, ultrafine 
particles, and PM2.5, in Barcelona, Spain Rovira et al. (2022). The 
model demonstrated its ability to provide reliable proxy estimates 
in urban environments where direct BC monitoring is limited. This 
study underscores SVR’s utility in filling data gaps for non-regulated 
pollutants.

Ensemble models such as RF and ExtraTrees, along with boosting al-
gorithms like GBM, CatBoost, and LightGBM, have demonstrated strong 
performance in air quality prediction. Additionally, tree-based methods 
like DTR have proven effective. Among these, LightGBM stands out as 
the most computationally efficient and accurate model for forecasting 
urban air quality.

4.4. Calibration of low-cost air quality sensors using non-neural network

Nowadays, low-cost sensors are becoming a popular way to monitor 
air quality because they allow measurements at more locations at a 
lower cost. These devices are small, lightweight, and typically cost less 
than ten percent of conventional high-precision sensors (Alvear-Puertas 
et al., 2022; Xayasouk et al., 2020). However, data from these sensors is 
not always reliable due to measurement errors and performance degra-
dation over time, which can be affected by factors such as humidity 
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or water droplets. ML-based calibration improves the accuracy of low-
cost sensor measurements (Biagi et al., 2024), making them approach 
the reliability of reference-grade instruments. Many studies Wang et al. 
(2023), Apostolopoulos et al. (2023) have demonstrated the superiority 
of RF in calibrating low-cost sensors, showing consistent success. For 
example:

• In Ionascu et al. (2024), RF achieved strong calibration for PM1, 
PM2.5, and PM10 sensors, outperforming traditional methods like 
Multivariate Linear Regression (MLR), which struggled with non-
linear relationships. However, RF faced challenges at low pol-
lutant concentrations like for NO and SO2, suggesting room for 
improvement in urban settings.

• In large networks, RF improved calibration across multi-hop sys-
tems (Vajs et al., 2023), boosting NO2 correlation by 0.35 and 
cutting PM10 errors by approximately 20.56 μg∕m3.

While RF is reliable, newer models have surpassed it in some cases:

• Decision Trees outperformed RF and Support Vector Machine 
(SVM) in one study (Alvear-Puertas et al., 2022), achieving near-
perfect alignment with reference data with low computational 
cost, ideal for portable IoT systems. Outlier removal like One-
Class SVM further improved data quality.

• Boosting algorithms (Gradient Boosting, XGBoost) and SVR also 
excelled. These models boosted indoor PM2.5 calibration (𝑅2 = 
0.85–0.90), reduced errors, and fixed sensor underestimation. 
Performance varied by location (lunchrooms vs. classrooms), 
highlighting the need for environment-specific calibration (Chojer 
et al., 2022).

Fig.  3 shows the top supervised ML algorithms used in air quality 
monitoring. Boosting algorithms like XGBoost, AdaBoost, and CatBoost, 
along with RF, have consistently delivered the best predictive per-
formance, often surpassing traditional models by effectively capturing 
complex relationships between air pollutants. SVM and KNN have 
also performed well in various studies Wu et al. (2017), Singh et al. 
(2024), especially when applied to structured air quality datasets. A 
summary of studies where non-neural network algorithms achieved 
better performance than other approaches in specific applications is 
provided in Tables  A.4 and A.5 (Appendix).

4.5. Deep learning algorithms for predicting pollutant concentration

Neural networks have also been shown to be effective in solving 
air quality monitoring challenges due to their ability to process com-
plex data and identify intricate patterns. Typically, when forecasting 
future air quality, time-series data is used. In this context, LSTM net-
works excel in analyzing sequential data (Cican et al., 2023), a critical 
requirement for air quality prediction.

An LSTM-based system forecasted indoor CO2 concentrations over 
120 min intervals, outperforming basic Recurrent Neural Networks 
(RNNs) (Rescio et al., 2023). The model integrated real-time environ-
mental data (PM levels, humidity) and wearable sensor inputs (physical 
activity, heart rate), achieving a 50% accuracy boost when activity data 
was included. This highlights LSTMs’ unique capacity to fuse temporal 
trends such as occupancy patterns with spatial inputs, enabling dy-
namic HVAC control and energy savings. LSTMs’ dominance is evident 
in direct comparisons with other advanced architectures. Xayasouk 
et al. (2020) focused on Seoul’s PM2.5 and PM10 levels, demonstrated 
that LSTMs outperformed Deep Autoencoders (DAE), achieving lower 
RMSE values and faster processing times. While PM2.5 predictions were 
slightly less accurate due to particulate variability, LSTMs effectively 
captured Seoul’s complex pollution dynamics, integrating meteoro-
logical data (temperature, wind) to enhance robustness. In contrast, 
DAEs struggled with computational inefficiency, underscoring LSTMs’ 
balance of accuracy and scalability.
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Fig. 3. Most commonly used and high-performing non-neural network algo-
rithms in air quality prediction.

While LSTMs have demonstrated strong performance in air quality 
forecasting, other ML models have also shown competitive results. 
For instance, ensemble models combining ANN and Bidirectional Long 
Short-Term Memory (Bi-LSTM) achieved the highest accuracy in pre-
dicting PM10 levels in Sri Lanka (Mampitiya et al., 2023), significantly 
outperforming standalone LSTMs. These ensemble models exhibited 
exceptional forecasting capabilities, capturing both peak and trough 
variations more effectively than LSTMs.

Similarly, a multi-output Neural Basis Expansion Analysis for Time 
Series (N-BEATS) neural network was used for air quality forecasting 
in Ho Chi Minh City, Vietnam (Rakholia et al., 2023). This model 
leveraged deep stacked fully connected layers to predict NO2, SO2, CO, 
and O3 concentrations simultaneously. Compared to existing models, 
N-BEATS achieved lower RMSE values and higher correlation coef-
ficients (0.7–0.85), outperforming traditional forecasting techniques. 
The ability to predict multiple pollutants at once provided an efficient 
alternative to separate models for each pollutant, making it suitable for 
real-time urban air quality monitoring.

4.6. Deep learning for AQI prediction

In recent studies, LSTM networks have demonstrated robust per-
formance in predicting the AQI, particularly due to their ability to 
model temporal dependencies in time-series data. For instance, LSTM 
outperformed traditional regression and classification models such as 
RF, SVR in forecasting pollutant levels, achieving high accuracy in cap-
turing seasonal weather patterns and anthropogenic factors influencing 
AQI (Ugwu et al., 2024). The model effectively balanced computational 
efficiency and precision, making it suitable for real-time monitoring 
applications.

Similarly, Liu et al. (2024) reported that LSTM achieved the high-
est goodness-of-fit for regression-based AQI predictions in Jinan, out-
performing LightGBM and Backpropagation Neural Networks (BPNN), 
especially when integrating meteorological variables like temperature 
and wind speed.

However, limitations persist. LSTMs require substantial computa-
tional power and careful tuning to prevent overfitting. Since they 
function as a ‘‘black box’’, their interpretability is limited compared 
to simpler models, posing a challenge for policy-making. Additionally, 
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their performance can vary by location, as observed in Jinan (Liu et al., 
2024), necessitating localized training data for optimal results.

CNN has also demonstrated exceptional performance due to its 
ability to capture spatial patterns and complex relationships in me-
teorological and air quality data. In a study Kalantari et al. (2024) 
conducted in Zabol, CNN achieved the highest accuracy, surpassing RF 
and other shallow learning methods. Another strong performer, how-
ever, was RF, which, despite being a shallow learning model, provided 
competitive results due to its robustness in handling diverse environ-
mental features. While CNN excels in automatic feature extraction and 
classification, RF remains a reliable choice for AQI prediction, particu-
larly when computational efficiency and interpretability are prioritized. 
Tables  A.6 and A.7 (Appendix) present studies in which deep learning 
models outperformed other approaches. The most commonly used and 
high-performing deep learning algorithms for air quality prediction 
along with their typical applications are summarized in Fig.  4.

4.7. Hybrid approaches for particulate matter prediction

Hybrid models have gained increasing attention in air quality fore-
casting due to their ability to utilize the strengths of different com-
putational approaches. By integrating multiple algorithms, these mod-
els enhance predictive accuracy, effectively capture complex spatio-
temporal patterns, and improve robustness in handling time-series data. 
In particular, models combining CNN for spatial feature extraction and 
LSTM Networks for temporal sequence modeling have demonstrated 
significant advantages over non-neural network algorithms.

One such approach is the Convolutional-LSTM (CLSTM) model, as 
presented in Sharma et al. (2020), which integrates CNN with LSTM 
to predict Total Suspended Particulates (TSP) concentrations. By in-
corporating meteorological variables such as wind speed, temperature, 
and solar radiation, this model outperformed standalone ML methods, 
including RF, Multiple Linear Regression, and standard LSTM networks. 
Results showed higher accuracy, particularly in urban areas, reinforc-
ing the reliability of hybrid deep learning frameworks for real-time 
air quality monitoring and risk assessment. However, the study also 
highlighted challenges such as computational complexity and limited 
generalizability when applied to finer time resolutions.

Expanding on this hybrid approach, Yang et al. (2024) introduced 
a spatio-temporal CNN-LSTM-SE model for PM2.5 forecasting in the 
Beijing-Tianjin-Hebei region. This enhanced framework incorporated 
Squeeze-and-Excitation (SE) blocks, dynamically adjusting feature im-
portance to optimize model performance. This model surpassed base-
line approaches like BPNN, LSTM, and RF. While the model balanced 
accuracy and interpretability effectively, the study emphasized the 
need for high-quality data and acknowledged the computational inten-
sity associated with the hybrid framework.

Beyond spatio-temporal deep learning models, researchers have 
explored data decomposition techniques to further refine air quality 
predictions. Empirical Mode Decomposition (EMD) and Variational 
Mode Decomposition (VMD) were applied to preprocess air pollu-
tion datasets, improving the performance of hybrid models like EMD-
Gated Recurrent Unit (EMD-GRU) and CNN-LSTM (Shankar and Arasu, 
2023). These models significantly outperformed standalone deep learn-
ing models, with EMD-GRU reducing RMSE and MAE compared to 
standard GRU architectures. The findings reinforce that integrating de-
composition techniques with deep learning enhances the model’s ability 
to capture temporal lags and reduce noise, leading to more reliable air 
quality forecasts. However, scalability remains a challenge due to the 
increased computational requirements of these hybrid techniques.

Freeman et al. (2018) employed an LSTM-RNN hybrid to predict 8-
hour ozone levels in Kuwait, achieving a MAE of 0.235 ppb for 24-hour 
forecasts. By prioritizing meteorological features (wind speed, solar 
radiation) via decision trees, the model minimized computational costs 
while surpassing ARIMA (MAE: 23.574 ppb) and Feedforward Neural 
Networks (FFNNs). Its reliability for horizons up to 72 h underscores 
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Fig. 4. Most commonly used and high-performing deep learning algorithms in air quality prediction.
LSTMs’ suitability for real-time applications in regions with sparse 
monitoring infrastructure.

Integrating LSTM layers with a Deep Feedforward Neural Network 
(DFNN) for PM2.5 prediction in Tehran demonstrated strong predic-
tive performance (Karimian et al., 2019). Compared to traditional ML 
models like Multiple Additive Regression Trees (MART) and DFNN, the 
hybrid LSTM-DFNN model achieved the best performance, capturing 
80% of the variability in PM2.5 levels. The study highlighted the 
model’s capability to effectively learn sequential patterns, particularly 
when incorporating meteorological variables alongside historical PM2.5
data. However, a notable limitation was observed, as the model tended 
to underestimate high pollution levels and overestimate low pollution 
levels, indicating areas for further improvement in handling extreme 
values.

Furthermore, integrating clustering techniques with deep learning 
has proven effective in predicting extreme pollution events. Tamas 
et al. (2015) applied a Multilayer Perceptron (MLP) model enhanced 
with hierarchical clustering and a Self-Organizing Map (SOM) com-
bined with k-means, allowing specialized MLP models to be trained 
for different clusters. While the baseline MLP model achieved strong 
overall accuracy, the hybrid clustering-based models (hMLP and kMLP) 
demonstrated superior performance.

4.8. Hybrid approaches for AQI prediction

Recent studies Zhao et al. (2023), Yasmin et al. (2023) have demon-
strated that combining LSTM with other approaches significantly en-
hances air quality forecasting performance. In Ansari and Alam (2023), 
the BO-HyTS model integrates LSTM’s ability to model nonlinear tem-
poral dependencies with Seasonal Autoregressive Integrated Moving 
Average (SARIMA)’s strength in capturing linear seasonality and trends, 
while Bayesian Optimization fine-tunes the hybrid architecture. This 
combination effectively reduces prediction errors by leveraging both 
linear and nonlinear patterns in IoT-enabled pollution data, achieving 
the lowest error metrics compared to traditional models. Similarly, 
in Zhao et al. (2023), incorporating Spatial Autocorrelation (SAC) 
and Q-Learning-Based Bee Swarm Optimization (QBSO) with LSTM 
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improved AQI predictions by reducing RMSE by up to 67.7%. Another 
study Yasmin et al. (2023), introduced AQIPred, a hybrid MLP-LSTM 
model that leveraged MLP’s feature extraction with LSTM’s temporal 
learning capabilities, achieving a high 𝑅2. These findings reinforce that 
LSTM-based hybrid models effectively capture complex dependencies 
in air quality data, making them superior to standalone models in 
predictive accuracy and robustness.

BiLSTM-based hybrid models have further improved predictive ac-
curacy by capturing bidirectional dependencies in time-series data. 
In Mahmoud and Mohammed (2024), the TCN-BiLSTM hybrid model, 
which integrates Temporal Convolutional Networks (TCN) with BiL-
STM, effectively captured complex spatiotemporal dependencies, and 
outperforming both traditional and standalone deep learning models. 
Similarly, in Zhao et al. (2023), the BiLSTM model enhanced with 
SAC and QBSO achieved the best accuracy for Wuhan, demonstrating 
its effectiveness in leveraging spatial dependencies for air pollution 
prediction.

Some studies Kataria and Puri (2022), Nguyen et al. (2024d) have 
demonstrated that combining LSTM with multiple approaches signif-
icantly enhances predictive accuracy by effectively capturing both 
temporal dependencies and feature interactions. In Kataria and Puri 
(2022), the CNN-LSTM-BOA model, which integrates CNN for feature 
extraction, LSTM for temporal learning, and Bayesian Optimization 
(BOA) for hyperparameter tuning, achieved high accuracy across two 
datasets, outperforming baseline models. The study confirmed that 
Bayesian Optimization improves model stability and generalization, 
making the hybrid approach more robust.

Similarly, in Nguyen et al. (2024d), the ACNN-QPSO-LSTM-XGBoost 
model, incorporating Attention-based CNN, Quantum-inspired Parti-
cle Swarm Optimization (QPSO), and XGBoost, demonstrated strong 
predictive power in capturing irregular patterns in AQI data. This 
model effectively combined linear and non-linear modeling techniques, 
achieving high accuracy across pollutants, particularly for those with 
complex temporal dynamics like PM2.5 and NO2. Furthermore, the 
study highlighted that integrating optimization algorithms into deep 
learning frameworks enhances their ability to handle complex environ-
mental data, making the approach robust and generalizable for urban 
air quality monitoring.
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Fig. 5. Most commonly used and high-performing hybrid models in air quality prediction.
Additionally, in Guo et al. (2024), the VMD-CSA-CNN-LSTM model, 
which combines VMD for data decomposition, Chameleon Swarm Algo-
rithm (CSA) for hyperparameter tuning, and CNN-LSTM for predictive 
modeling, achieved an adjusted 𝑅2 and was externally validated across 
eight cities, confirming high performance. Moreover, the model ef-
fectively identified major pollutants specific to different regions, such 
as PM2.5 in Beijing, PM10 in Lanzhou, and a combination of PM2.5, 
PM10, and O3 in Shanghai and Wuhan, providing valuable insights for 
air quality management. These findings highlight that hybrid LSTM-
based models, when combined with feature extraction, optimization, 
and decomposition techniques, not only improve overall accuracy but 
also enhance generalizability, robustness, and pollutant identification.

A summary of studies where hybrid approaches yielded better per-
formance than other methods in various air quality prediction tasks 
can be found in Tables  A.8 and A.9 (Appendix). The most commonly 
used and high-performing hybrid models for air quality prediction are 
summarized in Fig.  5.

5. Comparative analysis of non-neural network, deep learning, 
and hybrid models

The effectiveness of ML models in air quality prediction depends 
on their ability to handle complex environmental data, computational 
efficiency, and interpretability. Non-Neural Network, Deep Learning, 
and Hybrid Models each offer distinct advantages and trade-offs (Table 
1).

Non-neural network models, such as RF and SVM, are computa-
tionally efficient and interpretable but rely heavily on manual feature 
selection. They perform well with structured datasets, which are data 
organized in a tabular format with clearly defined rows (instances) 
and columns (features), and small to medium-sized samples, but they 
struggle with capturing long-term dependencies and complex spatial–
temporal relationships in air quality data. In contrast, DL models like 
CNNs, LSTMs and RNNs excel in automatically extracting features from 
large datasets and modeling intricate temporal variations in air pollu-
tion trends. Yet, they require significantly more computational power, 
are prone to overfitting, and suffer from a lack of interpretability, which 
limits their use in policy-making and regulatory applications.

Hybrid models, which integrate multiple approaches, aim to lever-
age the strengths of each. For example, CNN-LSTM models combine 
spatial feature extraction with sequential learning, improving predic-
tive performance beyond what either approach achieves independently. 
Similarly, boosting algorithms such as XGBoost combined with neu-
ral networks enhance generalization and accuracy. However, hybrid 
models come at the cost of increased complexity and computational 
demands, making their deployment in real-time applications challeng-
ing.

In terms of performance, DL and hybrid models consistently achieve 
higher accuracy in air quality forecasting compared to non-neural 
network, particularly when dealing with large datasets and dynamic at-
mospheric conditions. But, non-neural network models remain relevant 
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due to their faster training times, interpretability, and ease of imple-
mentation, making them suitable for scenarios where computational 
resources are limited or model explainability is crucial.

6. Common limitations of high-performing supervised ML models 
for air quality prediction

Despite major advancements in air quality prediction using ML, 
including traditional models, deep learning architectures, and hybrid 
approaches, several challenges remain. Even models that achieve high 
accuracy in research settings often face obstacles when it comes to 
broader applicability and real-world deployment.

One of the biggest issues is generalizability. Many studies Laukkari-
nen and Vinha (2024), Mulomba and Choi (2024a) develop and test 
their models using data from specific cities or regions. While these 
models perform well within those areas, they often struggle when 
applied to locations with different pollution sources, climate conditions, 
or emission patterns. This highlights the need for more diverse datasets 
that cover multiple geographic locations to ensure that ML models are 
robust across various environmental conditions.

Another key challenge is computational complexity. Deep learning 
models, such as LSTMs, CNN-LSTM hybrids, and decomposition-based 
approaches, require significant computing power for both training and 
inference (Mahmoud and Mohammed, 2024; Liu et al., 2024). Although 
they often outperform traditional ML models, their scalability remains 
a concern, especially for real-time applications or for use in regions 
where high-performance computing resources are limited. Similarly, 
ensemble methods like XGBoost and CatBoost, while effective, come 
with high computational costs, making them impractical for continuous 
real-time air quality monitoring.

Feature selection is also a limiting factor. Most models focus on 
standard air quality parameters like CO, NO, and meteorological vari-
ables such as temperature, humidity, and wind speed (Vm et al., 2020). 
An important aspect that is often overlooked is the role of additional 
predictors such as traffic density, industrial activity, population distri-
bution, and land use. Incorporating these factors could improve the 
accuracy of air quality models, particularly in urban environments. In 
areas where human activities significantly influence air pollution levels, 
the exclusion of these factors can limit model accuracy. Some studies 
also lacked high-resolution meteorological data, making it harder for 
models to capture small-scale variations in air quality.

When it comes to real-time air quality monitoring, studies integrat-
ing IoT-enabled low-cost sensors faced difficulties with sensor relia-
bility and calibration (Rescio et al., 2023). These sensors are prone 
to measurement drift and environmental interference, which can af-
fect data accuracy. While some studies applied ML-based calibration 
techniques to correct these errors, results varied depending on the 
environment—indoor vs. outdoor settings, for instance, often showed 
inconsistent sensor performance.

Even high-performing ML models often suffer from overfitting and 
lack of interpretability. Deep learning and ensemble methods like Cat-
Boost and XGBoost may provide highly accurate predictions, but they 
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Table 1
Comparison of ML approaches for air quality prediction.
 Approach Advantages Challenges Best use cases  
 Non-Neural Network ∙ Computationally efficient 

∙ Interpretable 
∙ Works well with 
structured datasets

∙ Struggles with long-term 
dependencies 
∙ Limited spatial–temporal 
analysis

∙ Ideal for resource-limited 
regions 
∙ Applications requiring 
transparency

 

 Deep Learning ∙ Extracts features 
automatically 
∙ Captures complex 
temporal variations

∙ High computational cost 
∙ Prone to overfitting 
∙ Lacks interpretability

∙ Best for large datasets 
∙ Real-time air quality 
forecasting

 

 Hybrid Approaches ∙ Combines strengths of 
multiple approaches 
∙ High predictive accuracy 
∙ Captures spatio-temporal 
patterns

∙ Computationally 
intensive 
∙ Complex deployment for 
real-time use

∙ Integrates multiple 
environmental factors 
∙ Generalizes across 
locations

 

tend to overfit when trained on small or imbalanced datasets. To 
address this, techniques like SMOTE are commonly used for dataset 
balancing (Gupta et al., 2023). However, their application can intro-
duce additional computational complexity. Another major drawback is 
that these advanced models are often difficult to interpret, making it 
challenging for researchers, policymakers, and environmental agencies 
to understand how predictions are made. The lack of interpretability re-
mains a significant barrier to integrating ML models into environmental 
policies.

Most studies Liu et al. (2023), Miskell et al. (2019) focus on short-
term air quality forecasting (hourly or daily predictions), but long-term 
forecasting remains underexplored. The absence of models capable of 
capturing long-term patterns limits their effectiveness in sustainable air 
quality management strategies. Data availability and quality also pose 
challenges. Many studies Nguyen et al. (2024b), Singh et al. (2024) 
struggle with missing values in their datasets, often using imputation 
techniques to fill the gaps. However, these methods can impact model 
reliability.

7. Unsupervised ML in air quality

Unsupervised learning techniques, such as clustering and anomaly 
detection, have become valuable tools for improving the analysis, 
forecasting, and calibration of air quality monitoring systems.

7.1. Clustering techniques for air quality data analysis

SOM clustering, an unsupervised learning technique, was used to 
cluster air pollution data based on meteorological conditions rather 
than fixed time periods (Hulkkonen et al., 2022). This approach al-
lows for the identification of distinct pollution patterns influenced by 
weather variables, rather than relying on arbitrary time-based group-
ings. By clustering data in this way, the study aimed to capture the 
non-linear relationships between pollutant concentrations and meteo-
rological factors. Usually, researchers compare pollution levels based 
on the calendar, such as month-to-month or year-to-year comparisons. 
However, it was demonstrated that comparing pollution levels by cal-
endar dates can give a misleading picture of air quality trends. In 
contrast, using SOM-based clustering provided a more accurate view 
by considering pollution changes under similar weather conditions.

K-Means clustering, another unsupervised clustering technique, was 
used to group similar air quality and meteorological data into clusters 
based on pollution levels and environmental factors (Ramirez-Alcocer 
et al., 2022). This approach helped identify patterns in COVID-19 
case trends related to air pollution exposure by distinguishing in-
door and outdoor pollution sources and ensuring a more structured 
dataset. By structuring the data before applying deep learning models, 
unsupervised clustering improved COVID-19 case prediction.

In addition to K-Means, Du and Siegel (2023) demonstrated that K-
Means clustering was used to classify air pollution data into different 
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phases, such as emission, plateau, and decay periods, while Density-
Based Spatial Clustering of Applications with Noise (DBSCAN) was 
employed to refine pollutant decay detection. Unlike K-Means, which 
requires a predefined number of clusters, DBSCAN is more effective in 
handling noise and short-term fluctuations in pollutant concentrations. 
However, DBSCAN has notable limitations when applied to hetero-
geneous air quality datasets. One of its main weaknesses is that it 
struggles with varying data densities, leading to misclassified outliers 
or fragmented clusters when pollution levels fluctuate across different 
regions. Additionally, DBSCAN’s performance is highly sensitive to 
hyperparameter selection (Shetty et al., 2024).

To overcome these challenges, a study Nguyen et al. (2024b) intro-
duced the Correlation-Based Girvan-Newman (CGN) algorithm, which 
outperformed DBSCAN in clustering air quality data. Unlike DBSCAN, 
which relies on density thresholds, CGN uses a graph-based approach 
that dynamically partitions sensors based on both spatial distance and 
correlation strength. CGN successfully grouped sensors into meaningful 
clusters, reducing classification errors and improving air quality mon-
itoring compared to DBSCAN, which misclassified several sensors as 
noise.

While K-Means is a popular method for classifying air quality data, it 
has its limitations, one of the biggest being poor centroid initialization, 
which can lead to unstable and inaccurate clusters. To solve this, 
researchers integrated the Sine Cosine Algorithm (SCA) with K-Means, 
making centroid selection more precise and reliable (Vasudevan and 
Ekambaram, 2024). Unlike traditional K-Means, which randomly picks 
centroids, SCA-optimized K-Means carefully selects the best starting 
points, resulting in more stable and meaningful clusters. This improved 
clustering approach made it easier to categorize air pollution levels 
(Good, Moderate, and Poor) while significantly reducing classification 
errors.

In short, SOM cluster air pollution data based on meteorologi-
cal conditions, improving trend analysis beyond time-based compar-
isons. K-Means and DBSCAN are widely used, with SCA-optimized 
K-Means enhancing cluster stability and CGN outperforming DBSCAN 
for sensor-based air quality classification.

7.2. Anomaly detection for sensor calibration and data cleaning

Air quality monitoring relies heavily on accurate sensor data, yet 
real-world conditions often introduce errors, fluctuations, and missing 
values. To improve data reliability, researchers have explored vari-
ous unsupervised learning techniques to detect and correct anomalies 
before further processing. Park et al. (2023) demonstrated that com-
bining multiple unsupervised learning methods improves the stability 
and accuracy of anomaly detection in air quality monitoring. Their 
study introduced a hybrid anomaly detection model that integrates 
LSTM Autoencoder (LSTM-AE) for detecting deviations based on data 
reconstruction, and One-Class SVM (OC-SVM) for refining outlier clas-
sification. Additionally, DBSCAN was applied as a preprocessing step to 
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group normal sensor readings before OC-SVM classification. Their find-
ings emphasize the importance of pre-cleaning air quality data through 
both anomaly detection and data repair techniques, ensuring that sen-
sor readings remain reliable despite fluctuations or sensor errors. By 
leveraging these methods together, their approach significantly re-
duced false positives and enhanced the robustness of anomaly detection 
models, making them more suitable for real-world applications.

While Park et al.’s approach focused on anomaly detection, another 
key challenge in air quality monitoring is that traditional sensor cal-
ibration models assume the input data is clean, which is rarely the 
case in practical scenarios. Zhivkov (2021) addressed this issue by 
incorporating anomaly detection as a preprocessing step before training 
ANNs for sensor calibration. The study found that removing the top 
20 detected anomalies before training the model led to a significant 
improvement in calibration accuracy, increasing the R2 score from 
0.62 to 0.95 and reducing the MAE by 5.16%. These results highlight 
how unsupervised learning can enhance the performance of supervised 
models, particularly in improving sensor calibration by filtering out 
unreliable data. Expanding on these advancements, the AIrSense frame-
work, introduced in an IoT-based air quality monitoring study (Rollo 
et al., 2023), took this approach a step further by integrating both 
anomaly detection and anomaly repair techniques.

Unlike Zhivkov’s method, which removes anomalies, AIrSense iden-
tifies and corrects them using a Vector Autoregression (VAR) model, 
which reconstructs missing or corrupted data instead of simply discard-
ing it. This prevents data loss, maintains data continuity, and ultimately 
improves sensor calibration.

7.3. Challenges and limitations of unsupervised learning in air quality 
monitoring

These studies highlight the crucial role of unsupervised learning 
in improving air quality monitoring. By combining anomaly detec-
tion, outlier filtering, and data repair techniques, researchers have 
significantly improved sensor accuracy and reliability. Despite their 
advantages, unsupervised learning methods in air quality analysis come 
with certain limitations. DBSCAN struggles with varying data densities 
and is highly sensitive to hyperparameters, leading to misclassified 
outliers. K-Means suffers from poor centroid initialization and requires 
a fixed number of clusters, reducing its adaptability. While graph-based 
methods like CGN improve clustering accuracy, they come with high 
computational costs. Some methods, such as One-Class SVM, rely on 
predefined anomalies, which may not always represent real-world vari-
ations. Additionally, removal-based approaches risk discarding valid 
extreme pollution events, leading to biased datasets. The computational 
complexity of hybrid models combining LSTM Autoencoder, OC-SVM, 
and DBSCAN makes real-time monitoring difficult.

8. Reinforcement learning in air quality

Unlike supervised and unsupervised learning, reinforcement learn-
ing has received less attention in air quality research. However, it 
has shown promising results in optimizing indoor air quality control 
and improving pollution forecasting. Reinforcement learning-based sys-
tems have helped reduce energy consumption while maintaining air 
quality, with Double Deep Q-Network (DDQN) performing better than 
traditional rule-based methods (Kim and Moon, 2023). In pollution 
forecasting, Q-learning has been used to fine-tune input selection and 
time delay in neural networks, leading to more accurate predictions 
and better handling of short-term fluctuations and noise in air pollution 
data (Chang et al., 2019).
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8.1. Challenges and limitations of reinforcement learning in air quality 
applications

These findings highlight reinforcement learning’s potential to en-
hance decision-making and improve predictive accuracy in air quality 
applications. However, reinforcement learning faces some limitations. 
It relies on large amounts of high-quality data (Chang et al., 2019), 
making it difficult to adapt to different environments without extensive 
retraining. Additionally, its decision-making process is often hard to 
interpret, making it unclear why certain actions are chosen.

9. Types of data used in air quality monitoring studies

Air quality monitoring data used in ML is mostly time-series data, 
recorded at regular intervals such as hourly (Ansari and Alam, 2023; 
Lyu et al., 2022), daily (Hasan et al., 2024), or even minutely. Some 
datasets also include aggregated or spatial data for broader analysis.

The key features in these datasets usually include pollutant concen-
trations such as PM2.5, PM10, CO, NO2, SO2, O3, NO𝑥, NH3, Benzene, 
Toluene, and Xylene, along with meteorological factors like tempera-
ture, humidity, wind speed, wind direction, and atmospheric pressure, 
which all play a role in how pollutants disperse (Rescio et al., 2023). 
Some studies Karimian et al. (2019) also consider solar radiation, cloud 
cover, and rainfall, while others Ravindiran et al. (2023) analyze heavy 
metals like lead, arsenic, cadmium, and nickel, as well as organic 
pollutants like benzo(a)pyrene for a more in-depth understanding of 
air quality.

In addition to pollutant and weather data, researchers often include 
geospatial and environmental factors, such as land-use patterns, popu-
lation density (Kataria and Puri, 2022), road networks, and industrial 
activity, to improve the accuracy of air quality predictions.

Data for these studies typically comes from IoT-enabled sensors, 
government monitoring stations, and satellite-based remote sensing, 
creating structured datasets that can range from thousands to millions 
of records. Some models focus on spatiotemporal patterns (Lyu et al., 
2022; Rautela and Goyal, 2024), while others use graph-based repre-
sentations (Iskandaryan et al., 2023) to analyze relationships between 
different monitoring stations.

Before applying ML, researchers often preprocess the data to im-
prove accuracy. This includes filling in missing values, normalizing 
measurements, engineering new features, and combining multiple data 
sources to enhance predictions. A typical air quality dataset consists 
of timestamps, pollutant levels, meteorological conditions, and AQI 
values, forming a structured format suitable for modeling and trend 
analysis.

The choice of ML model depends on the nature of the data. Time-
series models like LSTM and BiLSTM are commonly used for forecasting 
air quality trends, while clustering and regression models like RF, 
Gradient Boosting, and DBSCAN help classify pollution levels, detect 
anomalies, and analyze trends.

Tables  2 and 3 summarize the data sources and features used in the 
reviewed studies. they also include the meteorological variables and 
data collection methods employed in each study.

10. Computational efficiency in air quality monitoring

To address computational constraints in air quality monitoring, 
Lightweight models and optimization techniques have been explored. 
An IoT-based AQ monitoring study in Ecuador (Alvear-Puertas et al., 
2022) utilized Decision Tree classifiers instead of deep learning meth-
ods, significantly reducing computational load. Similarly, a Fog-
Enabled AQ Prediction System (Pazhanivel et al., 2024) employed 
optimized Gated Recurrent Units for low-latency predictions on IoT 
devices, minimizing reliance on cloud computation. Some studies have 
also combined traditional time-series models with deep learning for 
efficiency, such as the BO-HyTS Model (Ansari and Alam, 2023), 
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Table 2
Part 1 – Summary of data sources and features in the reviewed studies.
 Study Data source/Location Period Pollutants measured Meteorological features Collection method  
 Ansari and Alam (2023) CPCB, India Jan 2015 – Jul 2020 PM2.5, PM10, CO, NOx, 

SO2, O3, VOCs, etc.
Not detailed IoT sensors; hourly  

 Vieru and Cărbureanu (2024) Romanian cities 1.5 years SO2, NO2, O3, CO, PM10, 
PM2.5, Pb, etc.

Not specified Historical AQ data  

 Lyu et al. (2022) Beijing-Tianjin-Hebei, 
China

2014–2021 PM2.5, PM10, CO, SO2, 
NO2, O3

Temp, humidity, wind TEOM, NASA MERRA-2  

 Miskell et al. (2019) Christchurch, New Zealand May 2016 – Oct 2017 PM2.5, PM10, CO, NO, 
NO2, SO2

Wind, temp, pressure TEOM, nephelometers  

 Sridhar et al. (2022) Indoor lab, India Real-time NH3, CO2, CO (MQ 
sensors)

Temp, humidity Microcontrollers, WiFi  

 Shetty et al. (2024) Urban regions (unspecified) Multi-year PM2.5, PM10 Wind, temp, direction Ground stations  
 Sharma et al. (2020) Queensland, Australia Not specified TSP (μg/m3) Wind, temp, RH, pressure, 

radiation
Ground stations  

 Gupta et al. (2023) India (4 cities) 2015–2020 PM2.5, PM10, NOx, CO, 
VOCs

Not detailed Monitoring stations  

 Rescio et al. (2023) UPAI3 sensor + wearables 15 days PM1, PM2.5, PM10, CO2 Temp, humidity, pressure Smart t-shirt + indoor 
sensors

 

 Alvear-Puertas et al. (2022) Ibarra, Ecuador 2 months CO, NOx, CO2 Temp, humidity, UV Mobile IoT in vehicles  
 Xayasouk et al. (2020) Seoul, South Korea 2015–2018 PM10, PM2.5 Rain, wind, sky, temp 25 stations  
 Cican et al. (2023) Bucharest, Romania 2021–2022 NO2 Temp, humidity, wind 1 station (B-6)  
Table 3
Part 2 – Summary of data sources and features in the reviewed studies.
 Study Data source/Location Period Pollutants measured Meteorological features Collection method  
 Rautela and Goyal (2024) India (NASA MERRA-2) 2015–2022 Black carbon, SO4, 

dust, organics
Indirect Satellite (reanalysis)  

 Nguyen et al. (2024b) Sydney, Australia Recent PM2.5, PM10, others Wind, humidity, rainfall AQMS + PurpleAir  
 Kumar and Pande (2022) India (23 cities) 2015–2020 PM2.5, PM10, CO, 

NO2, etc.
Not all included AQ stations  

 Bhalgat et al. (2019) Ahmedabad, India 2015 PM2.5, PM10, NOx, 
CO, etc.

Few Kaggle repo  

 Mulomba and Choi (2024a) Global (197 capitals) Aug 2023–present PMs, CO 12 meteo vars World Weather Repo  
 Zhu et al. (2024) Scotland 2016–2020 PM2.5, PM10, NO2 Temp, rainfall, land use 106 stations  
 Ravindiran et al. (2023) Visakhapatnam, India Recent PMs, NOx, VOCs 10 meteo vars Not specified  
 Doreswamy et al. (2020) Taiwan Daily/monthly PM2.5 Meteorological 76 stations  
 Moursi et al. (2019) Beijing, China 2010–2014 PM2.5 Dew point, temp, rain UCI repo  
which integrates SARIMA with LSTMs, dynamically optimizing weights 
to balance accuracy and computational cost. Additionally, a study 
leveraging CNN-LSTM-BOA (Kataria and Puri, 2022) demonstrated that 
Bayesian optimization effectively reduced hyperparameter tuning time 
while maintaining high predictive accuracy. To further enhance compu-
tational efficiency, feature reduction and data compression techniques 
have been employed. For instance, Principal Component Analysis and 
Autoencoders have been applied to lower AQ dataset dimensionality, 
thereby decreasing computational demands. for example, Shetty et al. 
(2024) used PCA to retain 75% of variance while reducing the number 
of input features, ensuring more efficient model training.

11. Interpretability in air quality forecasting

Most of the current machine learning models used in air qual-
ity research mainly focus on predictive performance rather than in-
terpretability. As new methods are developed to improve predictive 
accuracy, transparent and interpretable models are often overlooked 
because the more complex models cannot be easily interpreted by 
humans (Ugwu et al., 2024).

To address this issue, several recent studies have integrated inter-
pretability techniques into their forecasting frameworks. In the study 
by Yang et al. (2024), interpretability is achieved through a com-
bination of feature selection and post-hoc explanation methods. A 
multi-stage feature selection process – comprising Pearson correlation, 
LASSO (Least Absolute Shrinkage and Selection Operator) regulariza-
tion, and the Relief_F algorithm – is first applied to identify the five 
most relevant input variables influencing PM2.5 concentrations. To 
interpret the model’s predictions, the authors employ SHAP (SHapley 
Additive exPlanations), a model-agnostic method based on cooperative 
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game theory, which quantifies the contribution of each selected feature 
to individual predictions. SHAP values are analyzed across different 
time periods and cities to provide both global and local interpretability, 
revealing how variables such as AQI (Air Quality Index), CO (Carbon 
Monoxide), and PM10 influence the forecast outcomes under varying 
seasonal and meteorological conditions. This approach enables the 
model to remain explainable despite its deep learning architecture 
and provides insights valuable for policy guidance in air pollution 
management.

In another study Jiménez-Navarro et al. (2024), the lack of trans-
parency in deep learning models is further addressed by integrating 
both ante-hoc and post-hoc interpretability techniques. A novel Tempo-
ral Selection Layer (TSL) is embedded within LSTM and Feed-Forward 
networks to perform feature selection during training, highlighting 
the most relevant inputs while reducing model complexity. Addition-
ally, SHAP is applied post-training to quantify the contribution of 
individual features, especially meteorological variables, on pollutant 
predictions. Together, these approaches enhance the explainability of 
the forecasting system.

Similarly, in the study Mulomba and Choi (2024a), interpretability 
was prioritized alongside predictive performance. To enhance trust 
and transparency in the model’s predictions, three widely used in-
terpretability techniques were employed: LIME (Local Interpretable 
Model-Agnostic Explanations), ELI5 (Explain Like I am Five), and PDPs 
(Partial Dependence Plots). LIME was applied to explain individual 
predictions for both regression and classification models, highlighting 
the positive or negative contribution of features such as PM2.5, pressure, 
and humidity. ELI5 was used to compute feature importance weights, 
confirming that air pollutant features and the ‘‘feels like’’ temperature 
had the strongest influence on model outcomes. PDPs further illustrated 
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the global effect of each feature, revealing both linear and non-linear 
relationships with AQI categories. Together, these methods validated 
the model’s behavior and ensured that predictions were interpretable 
and reliable for real-world application.

12. Discussion

Advanced ML significantly improves air quality monitoring, pro-
viding accurate and timely predictions. Ensemble methods like RF 
and XGBoost excel in structured datasets due to their robustness and 
handling of nonlinear relationships. Deep learning models, particularly 
LSTM and CNN, effectively capture temporal and spatial pollution 
patterns but require substantial computational resources.

Hybrid models combining deep learning and traditional algorithms 
leverage both spatial and temporal dynamics effectively, despite in-
creased complexity and deployment challenges. Significant limitations 
identified include generalizability, interpretability, and computational 
efficiency. Addressing these issues through domain adaptation,
lightweight architectures, and explainable AI are essential directions 
for future research.

Unsupervised learning offers valuable tools for anomaly detection 
and sensor calibration but faces challenges like hyperparameter sen-
sitivity. These methods are not typically designed to predict specific 
pollution levels or AQI values as in supervised learning. However, they 
can complement supervised models by uncovering latent structures in 
the data, such as clusters of similar pollution conditions or relationships 
between pollutants and meteorological variables, which may improve 
feature engineering or pretraining strategies. Reinforcement learning 
shows potential for optimizing air quality management, though it de-
mands extensive high-quality data and improved interpretability.

Overall, while ML techniques substantially enhance air quality pre-
dictions, addressing computational efficiency, model interpretability, 
and generalizability will be key to translating predictive insights into 
actionable public health and environmental strategies.

Despite these advancements, there are several limitations in the 
current body of literature that merit attention. First, issues related to 
fairness and bias remain largely unaddressed in the reviewed literature. 
None of the selected studies explicitly examined how ML models per-
form across diverse geographic or demographic contexts, such as urban 
versus rural settings or among underrepresented populations.

Second, while several studies utilized real-world data from low-cost 
sensor networks, particularly in urban and smart city environments, 
they generally lacked reporting on key deployment metrics, such as 
latency, system stability, or real-time inference performance. Real-time 
data refers to information that is continuously collected, processed, 
and made available with minimal delay. Additionally, the reviewed 
studies did not quantify computational trade-offs such as training time, 
memory usage, or model complexity.

While most reviewed studies did not explicitly address class imbal-
ance, a few acknowledged its impact on model performance. Kumar and 
Pande (2022) applied SMOTE to mitigate the imbalance but reported 
that overfitting persisted in some models, suggesting that resampling 
techniques alone may be insufficient. Another study Lin et al. (2022) 
observed that the dataset was imbalanced for specific pollutants, par-
ticularly PM2.5, which reduced prediction accuracy. For instance, when 
PM2.5 was the target variable, the positive class represented only 16% 
of the training samples, limiting the model’s generalizability. These 
findings emphasize the importance of properly handling imbalanced 
data in air quality modeling. Moreover, models trained on geograph-
ically localized datasets may suffer from regional overfitting, hindering 
their applicability to other areas. Future studies should prioritize cross-
regional validation and adopt robust sampling strategies to enhance 
model reliability.

The reviewed studies span a variety of geographic contexts, with 
a strong concentration in Asia, particularly India and China. Other 
regions represented include Romania, Australia, South Korea, Malaysia, 
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New Zealand, Ecuador, Scotland, Taiwan, and a few global datasets 
covering capital cities. However, regions such as the Middle East, North 
Africa, and much of Sub-Saharan Africa remain underrepresented. This 
geographic imbalance may limit the generalizability of findings to these 
areas. Future work should include more diverse settings to improve 
the global transferability and applicability of ML-based air quality 
prediction models.

We did not include a quantitative benchmarking comparison be-
cause the reviewed studies are based on diverse datasets collected from 
different geographical locations, with varying features and evaluation 
settings. As a result, directly comparing metrics like RMSE or MAE 
across these studies would not yield meaningful insights. Instead, we fo-
cused on a qualitative comparison to highlight which models performed 
best within their respective contexts.

Interpretability remains a cornerstone for real-world adoption of ML 
models in air quality forecasting. As discussed in Section 11, several 
recent studies have begun to incorporate both ante-hoc and post-hoc 
interpretability techniques such as SHAP, LIME, PDPs, and ELI5. These 
methods enable deeper understanding of feature influence and model 
behavior, which is crucial for policy decision-making and public trust.

Future research should focus on the following key areas:

• Enhancing model explainability: Developing transparent and in-
terpretable ML models that provide insights into key contributing 
factors influencing air pollution.

• Improving computational efficiency: Implementing model com-
pression techniques, federated learning, and edge computing to 
enable real-time processing with reduced computational costs.

• Integrating multimodal datasets: Combining air quality data with 
traffic patterns, industrial emissions, land use, meteorological 
parameters, and socioeconomic factors to improve prediction ac-
curacy and contextual understanding.

• Developing adaptive ML models: Leveraging transfer learning and 
meta-learning to create models that can dynamically adapt to 
different environments with minimal retraining.

• Advancing real-time monitoring systems: Enhancing IoT sensor 
calibration, incorporating remote sensing data, and developing 
AI-driven anomaly detection systems for continuous air quality 
assessment.

• Exploring Transformer-based architectures: Investigating the ap-
plication of Transformer-based models, such as the Temporal Fu-
sion Transformer (TFT), Informer, and Autoformer, for capturing 
long-range temporal dependencies and improving the accuracy 
and interpretability of air quality forecasts.

• Implementing cross-regional validation frameworks to improve 
model generalizability across diverse geographical areas, as mod-
els trained on localized datasets may not perform well when 
applied in different regions with varying pollution sources.

• An important direction for future research involves strength-
ening the integration of ML-based predictions with actionable 
health and environmental interventions. Developing frameworks 
to directly link predictive outcomes to practical decision-making 
processes will enhance the real-world impact of ML-driven air 
quality solutions.

13. Conclusion

Air quality monitoring has become an essential area of research due 
to the increasing impact of pollution on human health and the envi-
ronment. Rising industrialization, urbanization, and vehicle emissions 
have exacerbated air pollution, making it a critical challenge for gov-
ernments and researchers worldwide. Traditional air quality assessment 
methods rely on physical monitoring stations, which, although accu-
rate, are often expensive to maintain, have limited spatial coverage, 
and are unable to provide real-time predictions. To address these lim-
itations, ML techniques have emerged as powerful tools for air quality 



M. Karmoude et al. Science of the Total Environment 1002 (2025) 180593 
Table A.4
Non-neural network models leading air quality forecasting: A review of outperforming techniques (Part 1).
 References Objective Dataset Outperformed algorithm Key findings  
 Goh et al. (2021) Monitor vehicle cabin air 

quality, predict future 
conditions, and compare 
ML models for air quality 
prediction.

Data collected from Nissan 
Grand Livina and Toyota 
Vios, over 4800 km, 4 s 
intervals.

Support Vector Regression 
(SVR) (R2: 0.9890–0.9981, 
RMSE: 2.5410, MAE: 
0.4101).

SVR was most accurate for 
real-time prediction. 
Recirculation mode 
reduced pollutants but 
increased CO2 levels.

 

 Dhope et al. (2024) Forecasting System 
(RTAQSFS) in Pune and 
develop a real-time air 
quality forecasting system 
using IoT and ML models.

Hadapsar, Pune; 31 days 
of continuous monitoring, 
2,232 readings.

Random Forest (RF) (R2: 
99.9%, lowest RMSE).

RF provided the most 
accurate predictions; strong 
pollutant-meteorology 
correlations.

 

 Wang et al. (2023) Develop and test 
calibration algorithms for 
low-cost air sensors in 
stationary and mobile 
settings.

New York City (stationary: 
Aug–Sep 2021, 1.6M 
points); Boston (mobile: 
Feb–Apr 2022, 130K 
points).

RF and Generalized 
Additive Model (GAM) 
(PM2.5 calibration, R2 >
0.8); Linear models (NO2 
calibration, R2   0.7).

Stationary-trained models 
had poor transferability to 
mobile data. Regular 
retraining is required.

 

Table A.5
Non-neural network models leading air quality forecasting: A review of outperforming techniques (Part 2).
 References Objective Dataset Outperformed algorithm Key findings  
 Vajs et al. (2023) Develop a scalable, 

cost-efficient calibration 
propagation method for 
hybrid air sensor networks.

Novi Sad, Serbia; 10 
low-cost sensors + 1 
reference station; 1-min 
data over several months.

RF (NO2: r improved by 
0.35, RMSE reduced by 
6.82 μg/m3; PM10: r 
improved by 0.14, RMSE 
reduced by 20.56 μg/m3).

Improved accuracy across 
sensor networks; multi-hop 
calibration feasible at 
scale.

 

 Bertrand et al. (2023) Enhance Copernicus Air 
Quality forecasts using ML 
and MOS approaches.

CAMS data (2017–2019), 
pollutant concentrations 
from 1,535 stations.

RF (best RMSE reduction 
up to 48.1%), Gradient 
Boosting Machine (GBM) 
(best exceedance 
detection).

ML improved CAMS 
forecasts; Global models 
best for RMSE, Local 
models best for NO2.

 

 Mulomba and Choi (2024a) Develop a prediction 
framework using ML, 
focused on resource-limited 
settings.

World Weather Repository 
covering 197 capital cities 
worldwide.

RF (R2 = 0.91, MSE = 
0.0067) best for regression 
and classification.

Classification models more 
robust; explainable AI 
improved interpretability.

 

Table A.6
Deep learning-based air quality prediction studies: A review of outperformed models (Part 1).
 References Objective Dataset Outperformed algorithm Key findings  
 Rautela and Goyal (2024) Predict PM2.5 

concentrations using deep 
learning techniques and 
analyze AI effectiveness in 
air quality monitoring.

NASA MERRA-2 Reanalysis 
Dataset (2015–2022), 
spatiotemporal variables 
(BCSMASS, DUSMASS25, 
OCSMASS, etc.).

CA achieved SSIM: 
0.50–0.70, PSNR: 30 dB, 
MSE: 8–11 μg/m3.

Strong predictive 
capabilities; accurately 
captured high PM2.5 levels 
in the Indo-Gangetic Plain 
but overestimated in 
northwestern regions.

 

 Pazhanivel et al. (2024) Develop a Fog-enabled 
real-time air quality 
monitoring and prediction 
system.

Multi-layer architecture: 
pollutant and 
meteorological data, 
real-time processing via 
fog nodes, cloud storage.

Seq2Seq GRU 
outperformed baseline 
models in multi-step air 
quality forecasting.

Real-time early warnings 
improved decision-making; 
efficient model deployment 
on Smart Fog 
Environmental Gateway.

 

 Rakholia et al. (2023) Forecast NO2, SO2, CO, 
and O3 concentrations 
using a multi-output ML 
model.

Ho Chi Minh City, Vietnam 
(2021–2022); HealthyAir 
network; meteorological 
data from DarkSky API.

N-BEATS achieved 
correlation coefficients of 
0.7–0.85 for most 
pollutants.

Efficiently predicted 
multiple pollutants with 
strong accuracy; integrated 
into the HealthyAir mobile 
app for real-time 
monitoring.

 

forecasting, enabling data-driven insights and predictive modeling that 
can enhance environmental decision-making. This review has examined 
various ML approaches used for air quality prediction, highlighting 
their effectiveness, challenges, and areas for improvement. The analysis 
covered non-neural network models, deep learning architectures, and 
hybrid techniques, showing that while deep learning models excel in 
capturing complex spatiotemporal patterns, traditional models remain 
relevant for their interpretability and efficiency.

The findings suggest that ensemble models such as RF and XGBoost 
continue to perform well in structured datasets, while deep learning 
approaches like LSTMs networks and CNNs demonstrate superior per-
formance in sequential data analysis and pollutant concentration fore-
casting. Additionally, hybrid models integrating multiple techniques 
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show promising advancements, offering enhanced predictive accuracy 
by leveraging spatial and temporal dependencies.

Despite these advancements, significant challenges remain. One of 
the major limitations is the generalizability of models across different 
geographic locations. Many ML models are trained on specific datasets 
and may not perform well when applied to new environments due 
to variations in climate, topography, and pollution sources. Address-
ing this challenge requires the incorporation of transfer learning and 
domain adaptation techniques to improve model robustness across 
diverse regions. Furthermore, the computational complexity of deep 
learning models poses a significant challenge, particularly for real-
time air quality monitoring applications. Training deep learning models 
requires high-performance computing resources, which may not al-
ways be accessible, especially in low-resource settings. Developing 
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Table A.7
Deep learning-based air quality prediction studies: A review of outperformed models (Part 2).
 References Objective Dataset Outperformed algorithm Key findings  
 Jiménez-Navarro et al. (2024) Enhance interpretability 

and accuracy of air 
pollution forecasting using 
deep learning.

Graz, Austria (2014–2022); 
urban monitoring stations 
and ERA5-Land dataset.

TFF model performed best 
(MAE: 10.28 vs. 11.34 for 
FF; RMSE: 16.74 vs. 18.05 
for FF).

TSL-enhanced models 
improved feature selection; 
wind speed and solar 
radiation were key 
predictors.

 

 Kalantari et al. (2024) Compare SL and DL 
methods for AQI prediction 
in Zabol, Iran.

Zabol City, Iran 
(2013–2022); daily PM10 
and meteorological data.

CNN achieved highest 
accuracy (0.60); DL models 
outperformed SL models in 
AQI classification.

DL models better handled 
complex AQI 
classifications, but 
struggled with severe AQI 
categories.

 

Table A.8
Hybrid models leading air quality forecasting: A review of outperforming techniques (Part 1).
 References Objective Dataset Outperformed algorithm Key findings  
 Sridhar et al. (2022) Develop a cost-effective 

IoT-based platform for 
real-time air quality 
monitoring using hybrid 
ML techniques.

Indoor air quality data 
from MQ135 and MQ7 
sensors (NH3, CO2, 
Benzene, CO) with 
meteorological parameters.

NARX/LSTM (best RMSE, 
outperformed baseline 
models like APNet).

Real-time predictions with 
strong accuracy; future 
work involves outdoor 
deployments.

 

 Ly et al. (2019) Develop an AI-based model 
for predicting NO2 and CO 
concentrations from 
multisensor and weather 
data.

6,941 records (filtered 
from 9,357); pollutants 
(CO, NOx, NO2, O3, 
NMHC) with 
meteorological data.

PSO-Optimized ANFIS (best 
predictions for NO2 and 
CO).

PSO performed better than 
Simulated Annealing (SA); 
NO2 predictions were most 
influenced by NMHC and 
NO2-specific sensors.

 

 Wei et al. (2024) Integrate deep learning 
and Google traffic data to 
predict traffic-related air 
pollutants in urban 
environments.

Hong Kong traffic and air 
quality sensor data 
(April–July 2017); 50 m 
spatial resolution.

Deep Forest (highest R2: 
NO = 0.72, NO2 = 0.69).

Traffic data improved 
model accuracy by 
5%–10%; fine spatial 
resolution enhanced 
localized pollution 
predictions.

 

Table A.9
Hybrid models leading air quality forecasting: A review of outperforming techniques (Part 2).
 References Objective Dataset Outperformed algorithm Key findings  
 Lin et al. (2022) Use deep learning and web 

search trends to predict air 
pollution levels in major 
U.S. cities.

EPA’s Air Quality System 
and AirNow (2007–2018); 
Google Trends data for 152 
pollution-related queries.

DL-LSTM (best accuracy: 
87.6% for O3, 83.4% for 
NO2, 89.3% for PM2.5).

Web search data enhanced 
prediction accuracy by up 
to 5% in some cities; 
search terms correlated 
with pollution spikes.

 

 Natarajan et al. (2024) Develop an optimized ML 
model for AQI prediction 
using feature selection and 
regression.

Public air quality data 
(2015–2020) from Kaggle; 
26 major cities in India.

Grey Wolf Optimizer 
Decision Tree (GWO-DT) 
(avg. accuracy: 94.25% vs. 
90.34% (SVR), 90.51% 
(KNN), 92.75% (RF)).

GWO-DT achieved highest 
AQI prediction accuracy; 
scalable to other regions.

 

 Li et al. (2023) Enhance fine-scale air 
quality assessments by 
integrating physical 
principles with deep 
learning.

Mainland China 
(2015–2018); 1,604 
monitoring stations; 
pollutants (CO, NO2, 
PM2.5, PM10, SO2, O3).

Deep Graph Network 
(PM2.5 R2: 0.87, PM10 R2: 
0.85, NO2 R2: 0.72, O3 R2: 
0.78).

Outperformed 
MERRA2-GMI and 
WRF-Chem; strong 
generalization and spatial 
modeling.

 

 Wang et al. (2024) Develop a hybrid deep 
learning model for PM2.5
prediction using spatial 
and temporal 
dependencies.

Beijing (2017–2020); 30 
monitoring stations; 
pollutants (PM2.5, PM10, 
CO, O3, NO2) and 
meteorological factors.

VMD-GAT-BiLSTM (best 
short- and long-term 
forecasting accuracy).

Most accurate 1–6 h and 
42 h forecasting model; 
effective spatiotemporal 
learning.

 

lightweight and optimized ML architectures that maintain predictive 
accuracy while reducing computational overhead is crucial for broader 
adoption. Another critical concern is the interpretability of deep learn-
ing models. While deep learning techniques achieve high accuracy 
in air quality forecasting, they often operate as ‘‘black-box’’ models, 
making it difficult to understand how predictions are made. The lack 
of transparency in these models limits their applicability in regulatory 
and policy-making frameworks, where decision-makers require clear 
justifications for recommended actions. To address this, future research 
should focus on explainable AI (XAI) techniques, such as SHAP (Shap-
ley Additive Explanations) and attention mechanisms, to enhance the 
interpretability of ML-driven air quality forecasting systems. Moreover, 
real-time air quality monitoring using low-cost IoT sensors presents 
another challenge. While IoT-based air quality monitoring systems offer 
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cost-effective and scalable solutions, they are prone to sensor drift, 
calibration errors, and environmental noise that can affect data reliabil-
ity. Developing advanced sensor calibration techniques, leveraging ML 
for automatic correction of sensor biases, and integrating multi-sensor 
fusion approaches can significantly improve the accuracy of real-time 
air quality predictions.

As technology continues to evolve, ML will play a crucial role in 
enabling early warnings, policy interventions, and sustainable urban 
planning to mitigate the adverse effects of air pollution. By address-
ing the challenges of generalizability, computational efficiency, and 
interpretability, ML-driven air quality forecasting systems can signif-
icantly contribute to data-driven environmental governance, helping 
authorities implement timely pollution control measures and ultimately 
improving public health worldwide.
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