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ABSTRACT 
This comprehensive review examines the application of Artificial Intelligence (AI) techniques in 
predicting air quality parameters, focusing on studies published from 2019 to 2024. The review aims to 
provide a thorough understanding of how AI models, including deep learning, hybrid approaches, and 
ensemble techniques, are utilized for forecasting air quality indicators such as PM2.5, PM10, NOx, and 
ozone. A systematic selection criterion was employed to filter relevant studies from high-impact journals 
and conferences. Key aspects evaluated include the types of AI models used, dataset characteristics, and 
performance metrics such as Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and R-
squared (R²). The review also identifies critical gaps in the current literature, such as limitations in model 
scalability, data integration challenges, and issues with computational efficiency and interpretability. By 
mapping these gaps against recent advancements in the field, this review highlights how subsequent 
research has addressed these challenges and proposes future research directions. The findings 
underscore the evolving landscape of AI in air quality prediction and provide insights into emerging 
trends and methodologies that can enhance predictive accuracy and applicability across diverse 
geographical and temporal scales. 
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INTRODUCTION 
Air quality has emerged as a pivotal global concern, with urbanization, industrialization, and vehicular 
emissions contributing significantly to deteriorating air conditions. Poor air quality not only poses severe 
risks to human health—leading to respiratory diseases, cardiovascular issues, and premature deaths—
but also has far-reaching environmental impacts, including the exacerbation of climate change and the 
degradation of ecosystems (WHO, 2023). In this context, accurately predicting air quality has become 
essential for developing effective mitigation strategies, ensuring public health safety, and guiding policy 
decisions. 
 
Background 
Historically, air quality prediction has relied on traditional statistical models and physical simulations, 
such as the Gaussian dispersion models and Chemical Transport Models (CTMs). While these approaches 
have been instrumental in understanding pollution dynamics, they often struggle with the complex, 
nonlinear interactions among various pollutants and meteorological factors. Additionally, these models 
are limited by their dependency on predefined assumptions and the quality of available data, which can 
result in inaccuracies, particularly in diverse and rapidly changing urban environments (Lyu et al., 2023). 
The advent of artificial intelligence (AI) and machine learning (ML) has revolutionized the field of air 
quality prediction, offering more sophisticated, adaptable, and data-driven approaches. AI-powered 
models can handle large-scale datasets and uncover hidden patterns that traditional methods may 
overlook. For instance, deep learning models, such as Convolutional Neural Networks (CNNs) and 
Recurrent Neural Networks (RNNs), have shown exceptional capabilities in capturing spatiotemporal 
relationships in air quality data, leading to more accurate and timely predictions (Wang & Zhang, 2022). 
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Moreover, AI models can be integrated with real-time data sources, such as satellite imagery, IoT-based 
sensor networks, and weather forecasts, further enhancing their predictive power (Li et al., 2023). 
 
Scope 
This review paper seeks to provide a comprehensive analysis of the latest advancements in AI-powered 
air quality prediction models. The scope of this review includes various AI techniques, such as traditional 
machine learning algorithms (Support Vector Machines, Random Forests), deep learning architectures 
(CNNs, LSTMs), and hybrid models that combine AI with physical simulations. Additionally, the review 
covers the application of these models across different pollutants, including PM2.5, PM10, NOx, SO2, CO, 
and ozone, as well as their deployment in various geographical contexts, from densely populated urban 
centers to rural and industrial regions. 
 
Objective 
The primary objective of this review is to critically evaluate and synthesize the current state of AI-
powered air quality prediction models, with a focus on understanding their strengths, limitations, and 
areas for future research. Specifically, this paper aims to: 
1. Analyze the methodologies employed in recent studies, including the selection of AI algorithms, 

feature engineering techniques, and model evaluation metrics. 
2. Assess the performance of AI models in predicting different pollutants under varying environmental 

conditions. 
3. Identify challenges and gaps in existing research, such as data quality issues, model interpretability, 

and computational requirements. 
4. Explore potential directions for future research, including the integration of AI with emerging 

technologies like edge computing, federated learning, and explainable AI (XAI). 
 
Significance 
The significance of this review lies in its potential to inform and guide future research and development 
efforts in the field of air quality prediction. As air pollution continues to pose a critical threat to public 
health and environmental sustainability, advancing AI-driven models could lead to more effective and 
proactive air quality management strategies. This, in turn, could support the creation of healthier, more 
resilient communities, while also contributing to global efforts to combat climate change (Gao & Zhang, 
2024). 
Furthermore, this review serves as a valuable resource for a wide range of stakeholders, including 
environmental scientists, AI researchers, urban planners, and policymakers. By providing a detailed 
analysis of the latest advancements and identifying key research gaps, this paper aims to foster 
collaboration between the AI and environmental science communities, ultimately leading to more 
innovative and impactful solutions for predicting and mitigating air pollution. 
 
LITERATURE REVIEW 
Air quality prediction using artificial intelligence (AI) has gained significant attention over the past 
decade. The main reasons include AI’s ability to handle complex, non-linear interactions between 
pollutants, as well as its potential for real-time prediction and integration with large datasets from 
diverse sources. Below is a detailed review of recent high-quality research in this field, categorized by 
methodology and focus. 
 
1. AI Techniques for Air Quality Prediction 
Study 1: Chen et al. (2021) - Deep Learning Models for Urban PM2.5 Prediction 
 Methodology: This study employed a Convolutional Neural Network (CNN) to predict PM2.5 

concentrations in urban environments. The model was trained using historical air quality and 
meteorological data. 

 Findings: CNN showed higher accuracy compared to traditional methods, with an improvement in 
capturing local spatial patterns. 

 Gaps Identified: The model's performance was limited in areas with sparse sensor coverage, and its 
accuracy decreased when exposed to extreme weather conditions. 

 Work Done to Fill Gaps: Subsequent studies like Zhang et al. (2022) integrated satellite imagery to 
enhance spatial data representation. 

Study 2: Lyu et al. (2023) - Hybrid AI Models for NOx and Ozone Prediction 
 Methodology: A hybrid model combining Long Short-Term Memory (LSTM) networks with Random 

Forest (RF) was used to predict NOx and ozone levels. 
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 Findings: The hybrid model performed better than standalone models by capturing both temporal 
trends (LSTM) and feature importance (RF). 

 Gaps Identified: The model required extensive computational resources, limiting its real-time 
applicability. 

 Work Done to Fill Gaps: Efforts by Wang & Liu (2023) explored edge computing to decentralize and 
optimize processing. 

Study 3: Li et al. (2023) - AI and IoT Integration for Real-Time Monitoring 
 Methodology: This study integrated AI with IoT sensor networks to enable real-time air quality 

monitoring and prediction. Support Vector Machines (SVM) were used for prediction based on 
continuous sensor data. 

 Findings: IoT integration significantly enhanced real-time prediction capabilities, making it suitable 
for short-term forecasting. 

 Gaps Identified: IoT networks faced challenges related to data transmission reliability and sensor 
faults. 

 Work Done to Fill Gaps: Gao et al. (2024) introduced fault-tolerant algorithms to improve sensor 
data accuracy in real-time networks. 

 
2. Deep Learning Approaches 
Study 4: Wang & Zhang (2022) - Deep Learning-based Air Quality Prediction 
 Methodology: A multi-layer LSTM was used to predict PM2.5 and PM10 levels, utilizing historical 

data and meteorological variables. 
 Findings: The LSTM model outperformed traditional statistical methods, especially in long-term 

forecasts. 
 Gaps Identified: The model struggled with interpretability, making it difficult for researchers to 

understand why certain predictions were made. 
 Work Done to Fill Gaps: Lu et al. (2023) incorporated explainable AI techniques, such as SHAP 

(SHapley Additive exPlanations), to enhance model transparency. 
Study 5: Zhu et al. (2022) - Transformer Networks for Spatiotemporal Prediction 
 Methodology: This study used a Transformer-based deep learning architecture to predict pollutant 

concentrations across multiple locations. 
 Findings: Transformers provided superior performance in handling large spatiotemporal datasets 

due to their attention mechanism. 
 Gaps Identified: The study faced difficulties with over fitting, especially when trained on limited 

datasets. 
 Work Done to Fill Gaps: Yang et al. (2023) introduced regularization techniques and cross-

validation methods to address over fitting. 
 
3. Hybrid and Ensemble Models 
Study 6: Liu et al. (2023) - Ensemble Learning for Air Quality Forecasting 
 Methodology: An ensemble approach was adopted by combining Gradient Boosting Machines (GBM), 

Random Forest (RF), and LSTM for predicting ozone levels. 
 Findings: The ensemble model significantly improved accuracy by leveraging the strengths of each 

individual model. 
 Gaps Identified: Computational complexity and training time were major concerns. 
 Work Done to Fill Gaps: Sun et al. (2024) applied distributed computing frameworks like Apache 

Spark to reduce computational load. 
 
Study 7: Zhang & Wang (2022) - Neural Network-based Ensemble for Urban Air Quality 
 Methodology: A neural network ensemble model was developed by combining multiple deep 

learning architectures (CNN and RNN) to predict urban air pollutants. 
 Findings: The ensemble method improved the robustness of predictions and reduced the variance 

between different model outputs. 
 Gaps Identified: Model integration was complex, and performance varied with different pollutants. 
 Work Done to Fill Gaps: Cheng et al. (2023) proposed hybrid models with task-specific tuning for 

different pollutants. 
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Gap Analysis Table 
Study AI Methodology Identified Gaps Efforts to Address Gaps 

Chen et al. 
(2021) 

CNN for PM2.5 
prediction 

Limited performance in sparse 
regions and extreme weather 
conditions 

Use of satellite imagery 
(Zhang et al., 2022) 

Lyu et al. 
(2023) 

LSTM + Random 
Forest 

High computational cost limiting 
real-time use 

Edge computing 
integration (Wang & Liu, 
2023) 

Li et al. 
(2023) 

AI with IoT sensors Data transmission reliability issues 
in IoT networks 

Fault-tolerant algorithms 
(Gao et al., 2024) 

Wang & 
Zhang 
(2022) 

LSTM for PM2.5 & 
PM10 

Low interpretability Use of explainable AI (Lu et 
al., 2023) 

Zhu et al. 
(2022) 

Transformer 
networks 

Over fitting with small datasets Regularization techniques 
(Yang et al., 2023) 

Liu et al. 
(2023) 

Ensemble learning 
(GBM, RF, LSTM) 

High computational complexity Distributed computing 
(Sun et al., 2024) 

Zhang & 
Wang 
(2022) 

Neural network 
ensemble 

Complex model integration Task-specific hybrid 
models (Cheng et al., 2023) 

 
Work Done to Fill Gaps 
From the analysis, it is evident that recent research has focused on addressing key limitations in AI-
powered air quality prediction models. For instance: 
 Data Quality and Integration: The integration of satellite imagery and IoT networks has enhanced 

the ability to deal with sparse data (Zhang et al., 2022; Gao et al., 2024). 
 Computational Efficiency: Studies like Wang & Liu (2023) and Sun et al. (2024) have improved 

computational efficiency using edge and distributed computing. 
 Model Interpretability: Explainable AI (XAI) techniques, as explored by Lu et al. (2023), have 

addressed the black-box nature of deep learning models. 
 Over fitting: Regularization techniques and improved validation methods have been applied to 

mitigate over fitting, particularly in deep learning models (Yang et al., 2023). 
The reviewed studies demonstrate that AI-driven approaches have revolutionized air quality prediction, 
offering enhanced accuracy and flexibility compared to traditional models. However, several challenges 
remain, particularly in terms of model scalability, interpretability, and real-time applicability. Future 
research should continue focusing on hybrid models, improved data integration techniques, and the 
application of explainable AI to ensure that these models are not only accurate but also transparent and 
usable for policymakers and environmental managers. 
 
METHODOLOGY 
The methodology section outlines the framework used to conduct this comprehensive review. It includes 
the selection criteria for the studies reviewed, the tools used for analysis, and the framework for gap 
analysis. The objective here is to establish a robust, replicable process that ensures the literature review 
is both exhaustive and focused on identifying key trends, challenges, and advancements. 
 
Selection Criteria 
The selection criteria for the literature review involved filtering studies published between 2019 and 
2024 in high-impact journals and conferences related to environmental science, machine learning, and air 
quality management. The following criteria were used: 
 Relevance to AI and air quality prediction: Studies must focus on the application of AI techniques 

for predicting air quality parameters, such as PM2.5, PM10, NOx, and ozone. 
 Use of recent data and methods: Preference was given to studies using datasets from 2019 

onwards and involving cutting-edge AI techniques such as deep learning, hybrid models, and 
ensemble approaches. 

 Geographical and temporal scope: The studies reviewed included diverse geographical regions to 
ensure the global applicability of findings, and they spanned various temporal scales (short-term, 
long-term predictions). 
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 Peer-reviewed sources: Only peer-reviewed journals and conferences were considered to ensure 
the quality and credibility of the findings. 
 

 
 
Data Extraction and Analysis 
A structured approach was adopted for data extraction, focusing on the following aspects of each study: 
 Model type and AI techniques used: Detailed analysis of the AI models, including architecture, 

training methods, and evaluation metrics. 
 Dataset characteristics: Information on the types of data used, including sources (e.g., satellite data, 

sensor networks), temporal resolution, and spatial coverage. 
 Performance metrics: Evaluation of models based on standard metrics like Mean Absolute Error 

(MAE), Root Mean Square Error (RMSE), R-squared (R²), and others. 
 Identified gaps: Systematic identification of gaps in each study, particularly concerning model 

limitations, data challenges, and application constraints. 
 Proposed solutions and advancements: Documentation of how subsequent studies have attempted 

to address identified gaps. 
 
Framework for Gap Analysis 
The gap analysis was conducted using a structured framework that compares the objectives and 
outcomes of different studies. This framework included: 
 Categorization of gaps: Gaps were categorized into areas such as data integration, model 

scalability, computational efficiency, and interpretability. 
 Mapping advancements: Each gap was mapped against recent advancements that have attempted 

to fill it, highlighting the evolution of research in this domain. 
 
ANALYSIS AND DISCUSSION 
The analysis and discussion section provides an in-depth examination of the findings from the literature 
review, focusing on how well current AI-driven models meet the objectives of accurate, scalable, and 
interpretable air quality prediction. 
 
Accuracy and Reliability of AI Models 
One of the primary objectives of the study is to assess the accuracy and reliability of AI models in 
predicting air quality. The review shows that AI models, particularly deep learning approaches, have 
significantly improved the accuracy of predictions, especially in urban environments where data is 
abundant. 
 Deep Learning Models: Models like CNNs and LSTMs have shown remarkable improvements in 

capturing complex spatial and temporal patterns, which traditional models often miss. For instance, 
Chen et al. (2021) demonstrated a marked improvement in predicting PM2.5 levels with CNNs, 
particularly in urban regions with dense sensor networks. 

 Hybrid Models: Hybrid approaches that combine machine learning techniques, such as LSTM with 
Random Forest, have been particularly effective in balancing accuracy with computational efficiency. 
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As shown by Lyu et al. (2023), these models are better at handling the heterogeneity of air quality 
data, though they require significant computational resources. 

However, these models still face challenges in regions with sparse data or under extreme weather 
conditions. The integration of additional data sources, such as satellite imagery (as done by Zhang et al. 
(2022)), has been a crucial step forward in addressing these issues, improving model performance in less-
monitored areas. 
 
2.2 Scalability and Real-Time Application 
The scalability and real-time applicability of AI models are critical for their deployment in large-scale air 
quality monitoring systems. The review highlights several studies that have focused on improving the 
scalability of these models. 
 Edge Computing and IoT: The integration of AI with IoT and edge computing technologies, as 

explored by Li et al. (2023), has opened new possibilities for real-time air quality monitoring. These 
models can process data locally, reducing latency and improving the feasibility of real-time 
predictions in large, complex networks. 

 Computational Efficiency: Distributed computing frameworks, such as those discussed by Sun et al. 
(2024), have made it possible to deploy complex ensemble models across multiple nodes, thereby 
addressing the computational challenges associated with large-scale predictions. 

While these advancements have made real-time monitoring more feasible, the review also identifies on-
going challenges, such as the need for more efficient data processing algorithms and better fault tolerance 
in IoT networks. 
 
Interpretability and Transparency 
A key objective of the study is to evaluate the interpretability of AI models, which is essential for gaining 
the trust of stakeholders and ensuring that predictions can be used effectively in policy-making. 
 Explainable AI (XAI): The use of explainable AI techniques, such as SHAP (explored by Lu et al. 

(2023)), has been instrumental in making complex models like LSTMs more transparent. These 
techniques provide insights into how predictions are made, which is critical for validating model 
outputs and making informed decisions. 

 Trade-offs: The review also discusses the trade-offs between model complexity and interpretability. 
While deep learning models offer high accuracy, they are often seen as "black boxes." The 
introduction of XAI methods is a promising approach to addressing this issue, but there is still a need 
for more user-friendly tools that can be easily integrated into existing systems. 

 
CONCLUSION 
The conclusion synthesizes the key findings of the literature review and discusses how well current AI-
driven approaches align with the study’s objectives. 
 
Summary of Findings 
The review has demonstrated that AI-driven models for air quality prediction have made significant 
strides in terms of accuracy, scalability, and interpretability. Key advancements include the integration of 
deep learning models with satellite data and IoT networks, the use of hybrid models to enhance 
prediction accuracy, and the application of explainable AI techniques to improve model transparency. 
However, the study also highlights persistent gaps, particularly in the areas of real-time application, 
model scalability, and the need for more interpretable AI tools. These gaps represent important areas for 
future research and development. 
 
Contribution to the Field 
This paper contributes to the on-going discourse on AI-driven air quality prediction by providing a 
comprehensive review of the latest advancements, identifying critical gaps, and suggesting directions for 
future research. The insights gained from this review are expected to inform the development of more 
robust, scalable, and transparent AI models, ultimately contributing to more effective air quality 
management and pollution control strategies. 
 
FUTURE RESEARCH DIRECTIONS 
To further advance the field of AI-driven air quality prediction, the following research directions are 
recommended: 
Enhancing Data Integration and Quality 
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Future research should focus on improving the integration of diverse data sources, such as satellite 
imagery, traffic data, and weather forecasts, to enhance the robustness of AI models. Developing more 
sophisticated algorithms for data fusion and dealing with missing or noisy data will be crucial in this 
regard. 
Improving Model Interpretability and User-Friendliness 
While explainable AI has made significant progress, there is a need for more intuitive and user-friendly 
tools that can be used by non-experts, such as policymakers and environmental managers. Research 
should focus on developing interfaces that allow users to easily interpret and interact with AI models. 
Addressing Computational Efficiency and Scalability 
As AI models become more complex, there is a growing need for efficient computational frameworks that 
can support real-time predictions at a large scale. Future research should explore new architectures and 
algorithms that reduce the computational burden while maintaining or improving accuracy. 
Expanding Geographic and Temporal Scope 
Most existing studies focus on urban environments with dense sensor networks. Future research should 
aim to expand the geographic and temporal scope of AI models, ensuring that they can be applied 
effectively in rural areas, developing regions, and under extreme weather conditions. 
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