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Introduction: 

 
Air pollution has serious effects on the environment and public health, and it is still a global concern. 
Conventional monitoring methods, which are frequently constrained by time and space, have led to the 
incorporation of artificial intelligence to improve detection powers. An overview of AI approaches used in air 
pollution detection is presented in this study, which looks at peer-reviewed literature from the previous ten 
years. It highlights important advancements, ongoing uses, and difficulties experienced by practitioners and 
researchers. 
 

Methodologies: 
 
AI developments have brought forth a variety of approaches to air pollution detection, broadly divided into 
two categories: machine learning (ML) and deep learning (DL). 
 
Machine Learning (ML) 
ML techniques have been extensively used to analyze air quality data. The following approaches are 
prominent in the literature: 
 
Supervised Learning: Employing labeled datasets as a basis, algorithms such as Decision Trees, Random 
Forests, Support Vector Machines (SVM), and Gradient Boosting Machines have been used to forecast 
pollution concentrations. For example, Li et al.'s 2019 study showed how to employ Random Forests to 
forecast PM2.5 levels with a high degree of accuracy.  

  
Unsupervised Learning: To find patterns in air quality data, clustering methods like K-means and 
hierarchical clustering have been used. Principal Component Analysis (PCA) was employed in Jiang et al. 
(2020) research to reduce dimensionality and reveal hidden causes of pollution.  

  
Reinforcement learning: Although less popular, this method has been shown in a study by Liu et al. 
(2018) to be effective in improving sensor placements and adaptive monitoring tactics.  

 
 
Deep Learning (DL) 
DL models have shown exceptional performance in handling complex, high-dimensional air quality datasets: 
 

ARTICLE INFO ABSTRACT 
 
 
 
 

The use of artificial intelligence (AI) in air pollution monitoring systems has 
advanced significantly during the last ten years. In order to illustrate the 
approaches, successes, difficulties, and potential future directions in AI-based air 
pollution detection, this review compiles data from credible scientific journals. 
These systems offer enhanced accuracy, real-time monitoring capabilities, and 
thorough data analysis by utilizing machine learning (ML) and deep learning (DL) 
approaches. Nonetheless, problems with interpretability, processing demands, 
and data quality still exist. Over the past ten years, this study attempts to give a 
thorough summary of the state-of-the-art AI applications in air pollution 
detection. 

https://kuey.net/
mailto:chiru.sarkar007@gmail.com


1587                                                                   Anindita Chakraborty et.al /Kuey, 30(1), 6441                                                                               

 
Convolutional Neural Networks (CNNs): Capable of capturing spatial dependencies among 
contaminants, CNNs are used for spatial analysis. Ma et al. (2021), for instance, used CNNs to forecast NO2 
levels in various metropolitan environments.  
 
Recurrent neural networks (RNNs): RNNs are useful for temporal data analysis, especially Long Short-
Term Memory (LSTM) networks. In their 2019 study, Zhang et al. used LSTM networks to anticipate hourly 
PM10 concentrations and found that they significantly outperformed conventional time-series models.  
 
Autoencoders: These have been applied to air quality data for the purposes of anomaly detection and 
dimensionality reduction. Autoencoders were used by Wang et al. (2020) to extract anomalous pollution 
occurrences from big datasets.  

 
Hybrid Models 
It has become popular to combine ML and DL with conventional statistical techniques to increase accuracy 
and robustness. To improve prediction accuracy, for example, hybrid models that combine LSTM and ARIMA 
have been employed to capture both linear and nonlinear relationships in the data. 
 
Applications: 
AI-based air pollution detection systems have been applied across various domains: 
 
Monitoring of Urban Air Quality : 
AI systems are essential for real-time air quality monitoring in metropolitan environments. Research such as 
Chen et al.'s (2022) study have demonstrated how ML models, utilizing data from inexpensive sensors, can 
improve the spatial resolution of air quality maps.  
 
Industrial Emission Control:  
To ensure adherence to environmental regulations, industries utilize AI to monitor and control pollutants. 
Gao et al. (2020), for instance, showed how to employ DL models to anticipate emissions from industrial 
processes, enabling proactive management. 
 
Transportation Administration: 
The impact of vehicle emissions is assessed and mitigated with the use of AI. In order to optimize traffic flow 
and drastically lower urban air pollution, Yang et al. (2021) conducted a study in which ML models were 
deployed.  
 
Health Effect Evaluation: 
AI systems offer significant insights for public health by establishing a correlation between health outcomes 
and data on air quality. The health effects of air pollution were investigated by Huang et al. (2019) through a 
study that correlated hospital admission records with AI-predicted pollution levels. 
 
Benefits : 
The integration of AI into air pollution detection systems offers numerous advantages: 

• Enhanced Accuracy: AI models, especially DL, have shown superior accuracy in predicting pollutant 
concentrations. 

• Real-time Monitoring: AI enables continuous and real-time data processing, essential for timely 
interventions. 

• Cost-effectiveness: AI reduces the reliance on extensive physical monitoring networks, lowering costs. 

• Scalability: AI systems can be scaled to cover large areas and multiple pollutants efficiently. 
 
Challenges 
Despite its benefits, AI-based air pollution detection faces several challenges: 

• Data Quality: The accuracy of AI models is contingent on the quality and representativeness of the data. 
Incomplete or biased data can lead to erroneous predictions. 

• Model Interpretability: Complex AI models, particularly DL, can be challenging to interpret, making it 
difficult to understand the decision-making process. 

• Computational Resources: AI models often require substantial computational power, which can be a 
barrier in resource-limited settings. 

• Integration with Existing Systems: Integrating AI solutions with existing monitoring infrastructure 
and ensuring interoperability is complex. 
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Comparative Analysis of AI-Based Air Pollution Detection Systems: 
 

Comparative Analysis Table 

Study Methodologies Applications Key Findings Challenges 

Li et al. 
(2019) 

Random Forests 
(ML) 

Urban Air 
Quality 
Monitoring 

High accuracy in 
predicting PM2.5 
levels 

Data quality and 
representativeness 

Jiang et al. 
(2020) 

Unsupervised 
Learning (PCA, 
Clustering) 

Pattern 
Recognition in 
Air Quality Data 

Identified hidden 
pollution sources 

Data dimensionality 

Liu et al. 
(2018) 

Reinforcement 
Learning 

Optimizing 
Sensor 
Placement 

Improved adaptive 
monitoring 
strategies 

Computational 
complexity 

Ma et al. 
(2021) 

CNNs (DL) 
Spatial Analysis 
of NO2 Levels 

Captured spatial 
dependencies 
among pollutants 

Model 
interpretability 

Zhang et al. 
(2019) 

LSTM Networks 
(DL) 

Temporal 
Analysis and 
Forecasting 

Enhanced 
prediction of hourly 
PM10 
concentrations 

Data quality and 
temporal resolution 

Wang et al. 
(2020) 

Autoencoders 
(DL) 

Anomaly 
Detection 

Identified unusual 
pollution events 

Model complexity 

Zhao et al. 
(2021) 

Hybrid (ARIMA-
LSTM) 

Air Quality 
Prediction 

Combined linear 
and nonlinear 
dependencies for 
better accuracy 

Integration of 
models 

Chen et al. 
(2022) 

Supervised 
Learning (ML) 

Enhanced Urban 
Air Quality 
Monitoring 

Improved spatial 
resolution with low-
cost sensors 

Sensor data quality 

Gao et al. 
(2020) 

DL Models 
Industrial 
Emission 
Prediction 

Facilitated proactive 
emission 
management 

Real-time data 
processing 

Yang et al. 
(2021) 

ML Models 
Traffic 
Management 

Optimized traffic 
flow to reduce 
pollution 

Real-time 
integration with 
traffic systems 

Huang et al. 
(2019) 

Correlation 
Analysis (ML) 

Health Impact 
Assessment 

Linked pollution 
levels with health 
outcomes 

Data correlation 
complexities 

 
Results Analysis: 

 
Accuracy and Real-time Monitoring 
Artificial intelligence (AI) models, namely those grounded on deep learning (DL), including convolutional 
neural networks (CNNs) and long short-term memory (LSTM) networks, have shown to significantly enhance 
the precision and monitoring capabilities of air pollution detection systems in real time. Li et al. (2019), for 
instance, used Random Forests to forecast PM2.5 levels and were successful in doing so. This degree of 
accuracy is crucial for managing urban air quality since prompt actions can reduce health hazards. Similar to 
this, Zhang et al. (2019) greatly improved the prediction accuracy over conventional time-series models by 
using LSTM networks for the temporal study of PM10 concentrations. These experiments demonstrate how 
AI can process and analyze large volumes of data on air quality, allowing for real-time adjustments to 
pollution levels. 
 
Pattern Recognition and Anomaly Detection 
AI methods are quite good at finding trends and abnormalities in data related to air quality. In order to find 
hidden pollution sources, Jiang et al. (2020) used unsupervised learning techniques like Principal 
Component Analysis (PCA) and clustering. These techniques provided insights that are frequently overlooked 
by conventional monitoring techniques. The capacity to identify patterns is essential for comprehending the 
fundamental reasons behind pollution and putting specific actions into place. Wang et al. (2020) successfully 
identified anomalous pollution incidents by using autoencoders for anomaly identification. These results are 
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essential for proactive environmental management because they enable policymakers to address possible 
sources of pollution before they worsen and become more serious 
 
Proactive Management 
One significant benefit of AI-based air pollution detection systems is the proactive management of emissions 
and traffic flow. The application of DL models to forecast industrial emissions was shown by Gao et al. (2020), 
enabling proactive management and adherence to environmental regulations. By using this strategy, 
industries can lessen their influence on the environment by anticipating and mitigating emissions. Similar to 
this, Yang et al. (2021) greatly decreased urban air pollution by optimizing traffic flow using ML models. 
Through traffic pattern analysis and real-time modifications, these models contribute to cleaner urban 
settings by reducing vehicle emissions. 
 
Data Quality and model Interpretability 
One major issue facing AI-based air pollution monitoring systems is data quality. Research by Zhang et al. 
(2019) and Li et al. (2019) highlights the significance of representative, high-quality data for precise 
forecasting. The accuracy of AI models can be compromised by incomplete or biased data, which might 
produce false findings. Another important concern is the interpretability of complicated models, especially 
DL models. Ma et al. (2021) emphasized how difficult it is to comprehend how these models make decisions, 
which can impede stakeholder adoption and faith in them. To solve these issues, explainable AI models that 
produce outcomes that are visible and comprehensible must be developed. 
 
Computational Resources and Integration 
In environments with limited resources, the high computing demands of complex AI models provide a 
challenge. The considerable processing power required to implement sophisticated AI approaches has been 
noticed by Liu et al. (2018) and Wang et al. (2020), and this can be a limitation for certain applications. 
Another difficulty is assuring compatibility and integrating AI technologies with the current monitoring 
infrastructure. The intricacy of merging AI models with conventional statistical techniques to improve 
prediction accuracy was brought to light by Zhao et al. (2021). To tackle these problems, improvements in 
processing efficiency and the creation of standardized frameworks for integrating AI with current systems are 
needed. 
 

Conclusion: 
 
AI has significantly advanced the field of air pollution detection over the past decade. These systems' 
precision, real-time monitoring, and thorough data analysis have all significantly improved thanks to the use 
of ML and DL approaches. More efficient pollution control techniques have been made possible by AI's 
capacity to recognize trends and abnormalities, enable proactive management, and optimize traffic flow. 
Nevertheless, a number of issues still need to be resolved, such as data quality, interpretability of models, 
computing demands, and system integration. 
 
In order to overcome these obstacles, future research should concentrate on improving data integration, 
creating interpretable AI models, and utilizing edge computing. By combining various data sources—such as 
social media, IoT sensors, and satellite imagery—AI models can attain greater accuracy and offer more 
thorough insights. Creating interpretable models will also improve trust and usability, and edge computing 
can facilitate real-time processing and lessen reliance on centralized computational resources. Finally, 
encouraging global cooperation for data sharing and creating standardized AI models for air pollution 
detection will advance the field and produce more efficient and scalable solutions for managing air quality. 
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