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INTRODUCTION

Air pollution causes more than 3000 premature deaths. Annually, this

health issue cost Australians $24.3 billion in public health expenses!:

This calls for a prompt action to have an efficient
air quality regulating mechanism. Particle pollution
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such as children, pregnant women and the elderly.

» To model air quality, artificial intelligence can be a promising tool to

generate predictions through a novel learning algorithm.

» The project develops intelligent models for real-time air quality

forecasting. It will consider air quality indicators: fine Particulate
Matter 2.5 (PM5 5), coarse Particulate Matter 10 (PM1g), and the

atmospheric visibility reducing particles.
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Figure 2: Study region and locations for
which artificial intelligence model is
designed for hourly air prediction.

d Newcastle is world's largest black

coal exporting port3.

ARTIFICIAL INTELLIGENCE ALGORITHM

The project will design an online sequential-extreme
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The model designations are: MLR (Multiple Linear Regression)

and M5 Tree (a kind of decision tree).

PROJECT RESULTS
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Figure 5(a-d): Relative forecast error (%) generated by ICEEMDAN-OS-ELM vs. comparative models
for Brisbane (PM, ). Radial axis outward denotes magnitude per hour. ICEEMDAN-OSELM generates

lowest error.
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The project comprehensively considers synergistic effects of

atmospheric variables in predicting air quality through artificial
intelligence. This robust predictive framework is useful as a decision

support system for real-time air quality monitoring. Artificia

intelligence models can help save money and resources for health

sector, and significantly reduce Australia’s public health risk burden.
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