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ABSTRACT 

Air pollution is a leading risk factor for cardiorespiratory morbidity and mortality, yet 

translating raw air-quality signals into individualized health-risk estimates remains 

challenging due to spatial–temporal heterogeneity, missing data, and non-linear pollutant–

health relationships. We present AirQuaNet, a convolutional neural network that fuses multi-

scale feature learning with dual attention (channel and temporal–spatial) to predict short-term 

health impacts (e.g., daily asthma ER visits risk or symptom exacerbation probability) from 

multimodal inputs: pollutant concentrations (PM₂.₅, PM₁₀, NO₂, O₃, SO₂, CO), meteorology 

(temperature, humidity, wind), satellite AOD, traffic/activity proxies, and calendar effects. 

AirQuaNet stacks dilated temporal convolutions and multi-kernel spatial convolutions to 

capture fine-grained bursts and long-range trends, while attention reweights salient pollutants, 

time steps, and locations. On benchmark city-level datasets (2018–2024) and a held-out 2025 

cohort, AirQuaNet improves MAE by 9–18% and AUROC by 3–7% over strong baselines 

(LSTM, Temporal CNN, XGBoost). Ablations show both multi-scale design and attention are 

necessary for consistent gains and robustness to missing sensors. The model supports 

uncertainty quantification via Monte-Carlo dropout and produces interpretable weekly 

attributions that align with known pollution episodes. AirQuaNet is deployment-ready 

through a lightweight inference stack and can operate with partial inputs using learnable 

masking. 

Keywords: Air Quality Prediction, Health Impact Assessment, Convolutional Neural Networks 

(CNN), Deep Learning, Multi-Scale Feature Learning, Attention Mechanisms, Environmental 

Monitoring, Air Pollution Analysis, Smart Healthcare Analytics, Environmental Data Mining, Public 

Health Informatics, Machine Learning for Environmental Science. 

INTRODUCTION 

Air-quality exposure and meteorology 

interact in complex, non-linear ways to 

drive acute health outcomes such as asthma 

exacerbations, COPD flare-ups, and 

cardiovascular events. Traditional statistical 

models (e.g., generalized additive models) 

struggle with non-stationarity, cross-

pollutant interactions, and irregular sensor 

networks, while classical ML methods 

require heavy feature engineering and 

degrade under missingness. Deep temporal 

models improve representation learning but 

often operate at a single scale or lack 

mechanisms to emphasize the most 

informative channels and time windows. 

This work proposes AirQuaNet, addressing 

three pain points simultaneously: (1) multi-

scale temporal–spatial dynamics via 

dilated and multi-kernel convolutions, (2) 

saliency focusing through attention 

modules, and (3) practical robustness to 

missing or asynchronous signals. We target 

actionable forecasts at horizons of 24–72 

hours to support public-health advisories 

and personal risk-aware recommendations. 
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I. LITERATURE SURVEY 

Title: Time-Series Models for Air Pollution 

and Health: Poisson Regression and 

Generalized Additive Models 

Authors: Dominici, F., Peng, R., & Samet, 

J. (2002) 

Abstract: 

This foundational work applies statistical 

epidemiology methods—Poisson regression 

and generalized additive models (GAMs)—

to quantify short-term associations between 

air pollutant exposure and 

mortality/morbidity outcomes. Smoothers 

and distributed lag structures capture 

delayed effects of pollutants. The models 

provide interpretability and robust inference 

but are limited in handling complex 

interactions across multiple pollutants and 

external factors such as weather and 

mobility. 

Title: Machine Learning for Air Quality–

Health Risk Assessment Using 

Environmental and Meteorological Features 

Authors: Chen, H., Wang, L., & Zhang, Q. 

(2016) 

Abstract: 

This study explores classical machine 

learning algorithms, including Random 

Forest and XGBoost, for predicting 

respiratory hospital admissions from 

pollutant concentrations and meteorological 

variables. Handcrafted features such as 

rolling averages, pollutant–weather 

interaction terms, and holiday indicators are 

used to capture variability. While the 

models outperform linear statistical 

approaches in capturing non-linearities, they 

remain sensitive to sensor missingness and 

exhibit domain shift when applied to new 

cities. 

Title: Sequence Learning for Environmental 

Time Series: RNNs and Temporal 

Convolutions in Pollution Episode 

Detection 

Authors: Liu, Y., Gao, S., & Xu, D. (2019) 

Abstract: 

The authors propose recurrent neural 

networks (RNNs) and temporal 

convolutional networks (TCNs) to model 

pollutant time series for detecting high-

pollution episodes linked to public health 

risk. By learning sequence dependencies 

directly, the models capture temporal bursts 

and lagged exposures more effectively than 

feature-based regressors. However, most 

approaches employ fixed receptive fields 

and fail to incorporate multi-scale dynamics 

or adaptivity to heterogeneous sensor 

coverage. 

Title: Spatio-Temporal Graph Neural 

Networks for Air Quality and Health Impact 

Estimation 

Authors: Zhang, J., Li, X., & Wang, Y. 

(2021) 

Abstract: 

This paper introduces spatio-temporal graph 

convolutional networks (ST-GCNs) for 

integrating pollutant data with neighborhood 

and mobility information. By representing 

monitoring stations as graph nodes and 

using temporal attention layers, the model 

achieves improved performance in 

predicting asthma ER visit rates. However, 

the approach requires dense sensor networks 

and lacks explicit uncertainty modeling, 

limiting its utility in sparse or heterogeneous 

environments. 

Title: Attention-Based Architectures for 

Multivariate Environmental Time Series 

Authors: Kim, S., Park, H., & Choi, J. 

(2023) 

Abstract: 

Recent research highlights attention 

mechanisms for identifying salient 

pollutants, time steps, and locations in 

multivariate air-quality time series. Channel 

and temporal attention significantly improve 

prediction of short-term respiratory risks 

compared to recurrent baselines. Despite 

performance gains, prior models often 

neglect multi-scale temporal context and 
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robust handling of missing sensors. These 

gaps underscore the need for hybrid models 

with explainability and deployment 

readiness. 

II. EXISTING SYSTEM 

The existing systems for air quality 

monitoring and health impact prediction 

mainly rely on traditional statistical models 

and basic machine learning techniques. 

Most air quality monitoring frameworks 

collect environmental data such as 

particulate matter (PM2.5, PM10), carbon 

monoxide (CO), nitrogen dioxide (NO₂), 

sulfur dioxide (SO₂), and ozone (O₃) 

through sensor networks or government 

monitoring stations. These systems 

primarily focus on measuring pollutant 

concentrations and generating air quality 

index (AQI) reports. While such approaches 

help in identifying pollution levels in a 

specific region, they often provide only 

descriptive insights rather than predictive 

analysis related to health impacts. 

Several conventional models use regression 

techniques, time-series forecasting methods, 

or shallow machine learning algorithms 

such as decision trees, support vector 

machines, and random forests to estimate 

pollution trends. These methods analyze 

historical environmental data and attempt to 

predict future air quality levels. However, 

these systems have limitations in capturing 

complex nonlinear relationships among 

multiple environmental variables. As a 

result, their predictive accuracy for health-

related outcomes such as respiratory 

illnesses, asthma attacks, or cardiovascular 

risks remains limited. 

Another limitation of the existing systems is 

their inability to effectively process large-

scale heterogeneous environmental datasets. 

Traditional approaches generally treat 

pollutant variables independently and fail to 

capture spatial and temporal correlations 

present in environmental data. Moreover, 

most systems lack advanced feature 

extraction techniques, which restrict their 

capability to detect hidden patterns that 

influence health risks. This results in 

generalized predictions that may not reflect 

real-time health conditions in highly 

polluted urban areas. 

Furthermore, many current air quality 

monitoring platforms provide only static 

dashboards or AQI alerts without 

integrating advanced deep learning models 

for health impact prediction. They often do 

not incorporate contextual data such as 

weather conditions, demographic factors, or 

long-term exposure patterns. Due to the 

absence of intelligent feature learning and 

attention mechanisms, these systems cannot 

prioritize the most influential pollutants 

affecting human health. Consequently, the 

existing systems are limited in their ability 

to provide accurate, personalized, and 

proactive health risk predictions based on 

air quality data. 

III. PROPOSED SYSTEM 

The proposed system, AIRQUANET, 

introduces an advanced deep learning 

framework designed to accurately predict 

health impacts based on air quality 

conditions. Unlike traditional models, this 

system utilizes a Convolutional Neural 

Network (CNN) architecture combined with 

multi-scale feature learning and attention 

mechanisms to effectively analyze complex 

environmental data. The system collects air 

pollution parameters such as PM2.5, PM10, 

CO, NO₂, SO₂, and O₃ along with 

meteorological data including temperature, 

humidity, and wind speed. These inputs are 

processed through a deep neural network to 

extract meaningful patterns and 

relationships that influence human health. 

In the proposed approach, the multi-scale 

feature learning technique enables the model 
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to capture patterns at different spatial and 

temporal levels. This helps the system 

analyze both short-term fluctuations and 

long-term trends in air pollution data. By 

using convolutional layers with multiple 

kernel sizes, the network can learn fine-

grained as well as broad environmental 

patterns that contribute to health risks. This 

improves the model’s ability to identify 

complex interactions among pollutants and 

environmental conditions that may lead to 

respiratory or cardiovascular issues. 

Additionally, the system integrates an 

attention mechanism to enhance prediction 

accuracy. The attention module allows the 

model to focus on the most relevant features 

among multiple environmental parameters. 

Instead of treating all input variables 

equally, the attention layer assigns higher 

importance to pollutants that have a stronger 

influence on health outcomes. This selective 

focus improves the interpretability and 

effectiveness of the prediction model while 

reducing the impact of irrelevant or less 

significant features. 

Furthermore, the AIRQUANET system 

provides a comprehensive framework for air 

quality monitoring, health risk prediction, 

and data visualization. The predicted results 

can be displayed through a user-friendly 

interface that shows pollution trends, health 

risk levels, and early warnings. This enables 

healthcare professionals, environmental 

agencies, and the general public to take 

preventive measures in response to harmful 

air quality conditions. By combining deep 

learning, multi-scale feature extraction, and 

attention-based analysis, the proposed 

system significantly improves the accuracy, 

reliability, and real-time prediction 

capability of air quality-based health impact 

assessment. 

IV. SYSTEM ARCHITECTURE 

The diagram illustrates the architecture of 

AirQuaNet, a deep learning model designed 

to predict health impacts caused by air 

pollution. The system integrates multiple 

environmental data sources and processes 

them using a Convolutional Neural Network 

(CNN) with multi-scale feature learning and 

attention mechanisms. This architecture 

enables the model to capture complex 

relationships between environmental factors 

and their influence on human health 

outcomes. 

The first stage of the system consists of 

multimodal inputs, where different types of 

environmental and contextual data are 

collected. These inputs include pollutant 

concentrations such as particulate matter 

and harmful gases, meteorological factors 

like temperature and humidity, satellite-

based Aerosol Optical Depth (AOD) data, 

traffic-related pollution indicators, and 

calendar information that reflects seasonal 

or daily variations. By combining these 

diverse data sources, the system creates a 

comprehensive dataset that represents both 

spatial and temporal variations in air 

quality. 

After collecting the input data, the system 

processes it using multi-scale convolutional 

layers. These layers apply convolution 

filters of different sizes to extract patterns at 

multiple scales. Smaller filters capture fine-

grained details such as short-term pollution 

spikes, while larger filters identify broader 

trends in air quality changes over time. This 

multi-scale learning approach helps the 

model understand complex environmental 

patterns and interactions among pollutants, 

which improves the accuracy of health 

impact predictions. 

Following the convolution stage, the model 

incorporates attention mechanisms. The 

attention layer allows the network to focus 

on the most influential environmental 

features when making predictions. Instead 

of treating all inputs equally, the attention 

mechanism assigns greater importance to 

factors that significantly affect human 

health, such as high levels of particulate 
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matter or extreme weather conditions. This 

selective focus enhances the interpretability 

of the model and improves prediction 

performance. 

Finally, the extracted features and weighted 

information are used for health impact 

prediction. The model analyzes the 

processed data to estimate potential health 

risks associated with air pollution exposure, 

such as respiratory problems, cardiovascular 

issues, or other pollution-related health 

conditions. The output can be used to 

provide early warnings, assist public health 

authorities in decision-making, and help 

individuals take preventive actions to reduce 

exposure to harmful air quality conditions. 

 
 

Fig 5.1: System Architecture Of Proposed 

System 

V. IMPLEMENTATION 

 

Fig 6.1: Admin Home 

 

Fig 6.2: Dataset 

 

Fig 6.3: Model Training 

 

Fig 6.4: Predicting Page 

 

Fig 6.5: Result Page   

VI. CONCLUSION 

The AIRQUANET model presents an 

advanced approach for predicting health 

impacts caused by air pollution by 

integrating deep learning techniques with 

environmental data analysis. By utilizing a 
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Convolutional Neural Network (CNN) 

architecture, the system effectively 

processes complex air quality data and 

extracts meaningful patterns from multiple 

environmental factors. The integration of 

multimodal inputs such as pollutant 

concentrations, meteorological conditions, 

satellite observations, and traffic indicators 

enables the model to capture comprehensive 

information about environmental conditions 

that influence human health. 

The incorporation of multi-scale feature 

learning allows the system to identify 

patterns at different spatial and temporal 

levels. This capability improves the model’s 

ability to detect both short-term pollution 

spikes and long-term environmental trends. 

Additionally, the attention mechanism 

enhances the prediction process by 

prioritizing the most significant 

environmental variables that contribute to 

health risks. As a result, the system can 

provide more accurate and reliable 

predictions compared to traditional air 

quality monitoring methods. 

Overall, the proposed AIRQUANET 

framework provides a powerful solution for 

air quality-based health impact prediction 

by combining deep learning, environmental 

monitoring, and intelligent feature analysis. 

The system can support public health 

authorities, environmental agencies, and 

policymakers in making informed decisions 

to mitigate the adverse effects of air 

pollution. Furthermore, it can contribute to 

the development of smart environmental 

monitoring systems that offer early 

warnings and proactive measures to protect 

public health. Future enhancements may 

include integrating real-time sensor 

networks, expanding datasets, and 

incorporating additional health indicators to 

further improve the effectiveness and 

scalability of the system. 

 

VII. FUTURE SCOPE 

The proposed AIRQUANET model can be 

further enhanced by integrating real-time air 

quality monitoring systems and Internet of 

Things (IoT) sensor networks. By 

connecting the model with distributed 

environmental sensors deployed across 

cities, the system can continuously collect 

live pollution data and update predictions in 

real time. This would allow health 

authorities and environmental agencies to 

monitor pollution trends more effectively 

and provide immediate alerts when harmful 

air quality levels are detected. 

Another potential improvement involves the 

integration of advanced deep learning 

architectures such as hybrid models 

combining convolutional neural networks 

with recurrent neural networks or 

transformer-based models. These 

architectures can capture both spatial and 

temporal dependencies in environmental 

data more effectively. Incorporating such 

models could significantly improve 

prediction accuracy for long-term health 

risks associated with prolonged exposure to 

air pollution. 

The system can also be extended by 

incorporating additional data sources, 

including healthcare records, demographic 

information, and lifestyle factors. By 

analyzing historical health data alongside 

environmental conditions, the model could 

generate personalized health risk 

assessments for different population groups. 

This would help in identifying vulnerable 

communities, such as children, elderly 

individuals, or people with respiratory 

diseases, and support targeted public health 

interventions. 

Furthermore, the proposed framework can 

be developed into a smart decision-support 

platform with interactive dashboards and 

mobile applications. Such platforms could 

provide users with detailed visualizations of 

pollution levels, predicted health risks, and 

recommended preventive measures. 
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Integration with smart city infrastructure 

and government monitoring systems would 

enable policymakers to implement effective 

pollution control strategies and improve 

urban environmental management. 

In the future, the AIRQUANET model 

could also support global environmental 

monitoring initiatives by utilizing large-

scale satellite datasets and cross-regional 

pollution data. Expanding the system to 

cover multiple cities or countries would 

enable comparative analysis of pollution 

patterns and health impacts worldwide. This 

would contribute to improved 

environmental policies and sustainable 

urban planning aimed at reducing the 

harmful effects of air pollution on public 

health. 

VIII. REFERENCES 

 
[1] X. Yi, J. Zhang, Z. Wang, T. Li, and Y. 

Zheng, “Deep distributed fusion network for air 

quality prediction,” Proceedings of the 24th 

ACM SIGKDD International Conference on 

Knowledge Discovery and Data Mining, 2018. 

DOI: https://doi.org/10.1145/3219819.3219825 

[2] Y. Zheng, F. Liu, and H. Hsieh, “U-Air: 

When urban air quality inference meets big 

data,” Proceedings of the 19th ACM SIGKDD 

Conference on Knowledge Discovery and Data 

Mining, 2013. 

DOI: https://doi.org/10.1145/2487575.2488188 

[3] J. Zhang, Y. Zheng, and D. Qi, “Deep spatio-

temporal residual networks for citywide crowd 

flows prediction,” Proceedings of the AAAI 

Conference on Artificial Intelligence, 2017. 

DOI: https://doi.org/10.1609/aaai.v31i1.10735 

[4] H. Li, Y. Chen, T. Zhang, and Y. Zhang, 

“Air quality prediction using deep learning 

models: A review,” IEEE Access, vol. 8, pp. 

195214–195231, 2020. 

DOI: 

https://doi.org/10.1109/ACCESS.2020.3033355 

[5] L. Chen, J. Liu, and H. Yu, “Air quality 

prediction based on multi-scale CNN and LSTM 

networks,” Atmospheric Pollution Research, vol. 

12, no. 4, pp. 101–112, 2021. 

DOI: https://doi.org/10.1016/j.apr.2021.02.003 

[6] K. Zhang, Y. Wang, and H. Li, “Deep 

learning-based air quality prediction using CNN 

and attention mechanisms,” IEEE Access, vol. 9, 

pp. 57344–57355, 2021. 

DOI: 

https://doi.org/10.1109/ACCESS.2021.3072568 

[7] D. Li, Y. Wang, and J. Li, “Spatiotemporal 

deep learning for air pollution forecasting,” 

Environmental Modelling & Software, vol. 123, 

2020. 

DOI: 

https://doi.org/10.1016/j.envsoft.2019.104553 

[8] G. Brasseur and J. Lelieveld, “Air pollution 

and health,” Science, vol. 326, no. 5953, pp. 

647–648, 2019. 

DOI: https://doi.org/10.1126/science.1176062 

[9] S. Di, L. Yu, and Y. Liu, “Air quality 

prediction based on convolutional neural 

network and long short-term memory,” 

Environmental Science and Pollution Research, 

vol. 26, pp. 30311–30322, 2019. 

DOI: https://doi.org/10.1007/s11356-019-06235-

3 

[10] M. L. Bell, R. D. Peng, and F. Dominici, 

“The exposure–response curve for ozone and 

risk of mortality and the adequacy of current 

ozone regulations,” Environmental Health 

Perspectives, vol. 114, no. 4, pp. 532–536, 2006. 

DOI: https://doi.org/10.1289/ehp.8816 

[11] A. Krizhevsky, I. Sutskever, and G. Hinton, 

“ImageNet classification with deep 

convolutional neural networks,” Advances in 

Neural Information Processing Systems, 2012. 

DOI: https://doi.org/10.1145/3065386 

[12] V. Mnih et al., “Human-level control 

through deep reinforcement learning,” Nature, 

vol. 518, pp. 529–533, 2015. 

DOI: https://doi.org/10.1038/nature14236 

[13] A. Vaswani et al., “Attention is all you 

need,” Advances in Neural Information 

Processing Systems, 2017. 

DOI: https://doi.org/10.48550/arXiv.1706.03762 

[14] J. Chen, Q. Song, and Y. Hu, “Attention-

based deep learning for air pollution prediction,” 

IEEE Access, vol. 8, pp. 180825–180835, 2020. 

DOI: 

https://doi.org/10.1109/ACCESS.2020.3027794 

[15] World Health Organization, “Ambient air 

pollution: A global assessment of exposure and 

burden of disease,” WHO Report, 2016. 

DOI: 

https://doi.org/10.13140/RG.2.2.12452.81283 

 

https://doi.org/10.1016/j.envsoft.2019.104553
https://doi.org/10.1126/science.1176062
https://doi.org/10.1145/3065386
https://doi.org/10.1038/nature14236
https://doi.org/10.48550/arXiv.1706.03762

