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TROPOSPHERIC OZONE IS...

... harmful to people and crops as it affects the respiratory system and decreases crop yield
(Cooper et al., 2014; Monks et al., 2015).
... a green house gas
... a secondary air pollutant, formed by precursors (highly non linear coupled cycles)
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https://www.elementascience.org/articles/10.12952/journal.elementa.000029/
https://www.atmos-chem-phys.net/15/8889/2015/


Research questions

How well do artificial neural networks predict continuous ground level ozone concentrations in
southern Germany (regression)?

For threshold exceedance predictions (classification) refer to Bing Gong (EGU2019-10543) at
5 pm in Room L3
What are the neural network’s strengths and weaknesses for ground level ozone predictions?

Prediction task
”Use chemical and meteorological data of the last (few) days to predict daily maximum 8-hour
average ozone concentration for a lead time of up to four days.”
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https://meetingorganizer.copernicus.org/EGU2019/EGU2019-10543.pdf


WHAT CONTROLS OZONE LOCALLY?
Chemistry and meteorology
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Simplified schematic of tropospheric ozone production. Adopted from The Royal Society, 2008
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https://royalsociety.org/-/media/Royal_Society_Content/policy/publications/2008/7925.pdf


DATABASE AND VARIABLE SELECTION
Station wise data (southern Germany)

• Chemical data are taken from Tropospheric Ozone Assessment Report (TOAR)
Statistics according to the EU definition of ozone concentrations

• Meteorological data are taken from COSMO-REA6
→ Only stations with at least 3500 days of available data are selected (50 stations)

Variables and statistics

Variable Description Type Unit
O3 Daily maximum 8h average ozone measur. ppb
NO Daily maximum 8h average nitrogen oxide measur. ppb
NO2 Daily maximum 8h average nitrogen dioxide measur. ppb
u,v Daily mean of wind’s components model rea m/s
T-2M Daily maximum of 2m temperature model rea ◦ C
relhum Daily mean of relative humidity model rea %
pblheight Daily maximum height of planetary boundary layer model rea m
cloudcover Daily mean cloud cover model rea %
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http://www.igacproject.org/activities/TOAR
http://reanalysis.meteo.uni-bonn.de/?COSMO-REA6


EXPERIMENT I:
One network per station

Data preparation
Input:

Create 2D data for each time step
(daily data of 6 previous days × 9
variables)
Split time series into (no overlap)

– training data (first 80%)
– validation data (following 10%)
– test data (remaining 10%)

Standardise

Output:
Create target vector of daily maximum
8-hour average ozone concentrations
(lead time of up to 4 days)

Model setup

2 1D-convolutional layers
2 Fully-connected layers

1995 2000 2005 2010
year

0

20

40

60

80

100

120

140

oz
on

e 
co

nc
en

tra
tio

n 
(in

 p
pb

)

overhead
training data
val data
test data

Example time series used for training (blue),
validation (yellow), and testing (red)
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EXPERIMENT II:
One network for all stations in southern Germany

Data preparation
Input:

Create 2D data for each time step
(daily data of 9 previous days × 9
variables)
Split stations into

– training data (65%)
– validation data (15%)
– test data (20%)

Standardise

Output:
Create target vector of daily maximum
8-hour average ozone concentrations
(lead time up to 4 days)

Model setup

4 1D-convolutional layers
3 Fully-connected layers
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Stations in Southern Germany used for training (blue),
validation (yellow), and testing (red).
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VERIFICATION METHODS

Skill-Score

S =
A− Aref

Aperf − Aref
,

where A is the score of interest (e.g. MSE)

Murphy and Winkler framework (1987)

Joint probability of model forecast (m) and
observation (o)
Calibration-Refinement Factorisation:
p (m,o) = p (o|m)p (m)

Reference forecasts
Models

Persistence forecast (persi)
Ordinary least square (ols)
Climatological forecasts (Murphy, 1988)

Single value prediction (station’s mean)
Multi value prediction (station’s monthly mean)
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https://journals.ametsoc.org/doi/abs/10.1175/1520-0493(1987)115%3C1330%3AAGFFFV%3E2.0.CO%3B2
https://journals.ametsoc.org/doi/abs/10.1175/1520-0493(1988)116%3C2417:SSBOTM%3E2.0.CO%3B2


RESULTS: COMPETING MODELS
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(a) Exp I, one network per station
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(b) Exp II, one network for all stations

[<model of interest> - < reference model>]
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RESULTS: CLIMATOLOGY
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(a) Exp I, one network per station
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CASE I: mean } of station’s test datasetCASE II:monthly mean
CASE III: mean } of station’s full datasetCASE IV:monthly mean

CNNs capture the seasonal cycle of ozone
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RESULTS: CONDITIONAL QUANTILES
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Exp I
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CONCLUSION
How well do artificial neural networks predict ground level ozone?

CNNs outperform persistence, ols forecasts, and climatological forecasts (on the first two
days)
CNNs capture the seasonal cycle of ozone concentrations

What are the ANN’s strengths and weaknesses of ground level ozone predictions?

+ Skilful predictions near the center of ozone distribution
+ At least climatological behaviour for longer lead times
+ Acceptable generalisation to unseen stations
- No skilful prediction at the distribution tails with increasing lead times

Outlook
Make use of metadata (e.g. population density, night time light pollution, ...)
Include regional information (e.g. neighbouring stations, weather maps, ...)
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RESULTS: IMPORTANCE OF INPUT VARIABLES
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(a) Exp I, skill score of bootstraps with respect to
original forecast
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