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Introduction

Air pollution and its harmful effects

7 million premature deaths estimated annually
worldwide due to air pollution

Air quality is an important aspect of the urban
climate

Alir quality in the cities is often poor

More than half of human population live in cities
who are exposed to these emissions

Parameters affecting air quality

« Meteorological parameters e.g. air temperature, wind speed,
solar radiation, precipitation, etc.

« Thermal wind systems e.g. cold air flows, slope winds,
temperature inversions, etc.

« Local emission sources e.g. traffic, combustion, etc.

Air pollution is a major environmental risk to health.

By reducing air pollution levels, countries can reduce:
Every year, around

7 MILLION
DEATHS

are due to exposure
from both outdoor
and household air

pollution.

REGIONAL ESTIMATES ACCORDING

TO WHO REGIONAL GROUPINGS: More than 2 million

in South-East Asia Region

More than 2 million

in Western Pacific Region

1 million

in Africa Region
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Source: World Health Organization (Nov. 2021): Air Pollution silent killer
(Retrieved from https://www.who.int/multi-media/details/air-pollution-silent-killer)




Introduction

Air quality monitoring

Low number of air quality monitoring stations

Reason: Measurement devices are very expensive
and regular maintenance required

Few air quality monitoring stations do not provide
adequate information on the spatial distribution of air
pollutants

Mobile measurements and low-cost sensor networks
can be used to study spatial and temporal variability
of air pollutants

Urban climate models can be used to simulate
pollutant concentrations on a larger scale

Machine learning techniques can be applied to
estimate pollutant concentrations

OQ

Stuttgart

-9 ®

A

k e Scharnbousen
Oberoichen

2 km TS £ e P anGireatilan (1rens ODK Y @ CARTO

Leaflet | Kartendaten € 2023 Omniscale, OpenSireetMap (Lizenz ODbL), ® CARTO

Source: https://www.lubw.baden-wuerttemberg.de/luft/messwerte-
immissionswerte#karte




Problem Identification

« Limited data with low spatial resolution is available on weather and climate as well as
aerosols and air pollutants

« There is hardly any air pollutant concentration prediction with machine learning
techniques done in order to complement the existing monitoring stations

Problem Solution

« Collecting extensive dataset (training, testing and validation) with the aim to solve
above mentioned problems

 Developing a technique (machine learning model) by using a part of this
measurement data as input for modelling that can serve as a simulated monitoring
station in order to complement existing monitoring stations




Machine Learning Technique — Methodology

Air pollution prediction using machine learning techniques— An approach to replace existing monitoring stations with virtual monitoring stations

Deterministic Local Inputs

Machine Learning Model Inputs

Air quality monitoring networks

wind
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Calendar data

Hour of the day, Day of the week, Week
and Month of the year

Meteorological data

Air temperature, Relative humidity,
Air pressure, Precipitation,
Wind speed
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Machine Learning Technique — Methodology

Modelling Scenarios m,
 Scenario 1: Meteorological Data o .e®
« Scenario 2: Meteorological Data + Traffic it

« Scenario 3. Meteorological Data + Traffic + Same pollutant from one station

« Scenario 4. Meteorological Data + Traffic + Pollutants from nearby stations

Pollutants to be modelled nput Features Moee o e

= PM2_5, PMlO and N02 | | | | | — | M1 01 P
: | M2 02

Locations | ‘ ‘ ] ‘7—* M3 — > 03 [ AVERAGE (01,02,03,04,05)
: M4 04

« Marienplatz and Am Neckartor N O e [ i

Training and Test data set

« Training data set : 15t Jan 2018 — 31t March 2021
« Test data set : 15t April 2021 — 315t March 2022




Machine Learning Model Comparison
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Scenario 1: Comparison between predicted and actual PM10 concentration at Am Neckartor, Stuttgart
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Scenario 1: Comparison between predicted and actual NO, concentration at Marienplatz, Stuttgart
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Learning Model Comparison

Machine

., PM,,and NO, at Nordwest, Karlsruhe
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Conclusions

The field measurements are an important contribution to the data set for individual
Investigations and model validation

The developed machine learning model captured most of the trends and achieved a
decent generalizing ability in predicting the pollutant concentrations

The pollutants from other monitoring stations as an input feature (Scenario 4) played a
significant role in estimating the pollutant concentration

The developed technique can be applied to other locations where pollutant prediction
IS required

This methodology can be used to produce multiple simulated monitoring stations that
can complement the existing air quality monitoring networks and provide air pollutant
concentration data with a high spatial resolution
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