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Coupling regional air quality simulations of EURAD-IM with street canyon
observations - a machine learning approach
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ML Model Errors

State of the Art Atmospheric Chemistry Transport Model

The EURAD-IM (EURopean Air pollution Dispersion-Inverse Model) is a - For unseen data sets: R%>-score ~ 0.87, MAE =~ 1 ppb
state of the art atmospheric chemistry transport model on regional scales. - For ML model R2-score and MAE are better than for baseline model
It simulates physical and chemical processes in the atmosphere to predict — but performance of training data set is much better than
the dispersion of air pollutants. With its 4D-var data assimilation performance of test and validation data set especially for MAE
application, detailed analyses of the air quality can be conducted. These
allow for the improvement of initial atmospheric states as well as emission 2001
source strength assessments [2]. EURAD-IM simulations can be nested to v M -
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Figure: Average error metric: a) R®-score, b) mean average error (MAE).
- Aim: Exploring street canyon observations with additional relevant

environmental features (e. g. street architecture, traffic density or = Scatter plots show similar behavior for all subsets:
meteorology) by using informed machine learning (ML) - ML model prevents overprediction
: : . weak performance above targeted concentration of 50 ppb
. Tool: Hybrid model: coupling ML module to EURAD-IM > - £ =
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Figure: Scheme of Hybrid Model: ML module is embedded in 4D-var data assimilation Figur.e: Scatter plots: .predicted. Vs targeted concentration, comparing ML model with
baseline model for training, validation and test subset.
system of EURAD-IM.

: _ Baseline Model: artificial observation of 1 km concentration equal 3 km
Test Environment towards the Targeted Hybrid Model e e

» EURAD-IM forecast in 1km and 3 km resolution (Rhine-Ruhr area) Conclusion
. Combine 3km grid cell with nine overlaying 1 km cells

. Predicting 3 km concentrations with central 1 km values as artificial observations = Difficult data set: wide spread of values, not equally distributed
e . — high concentrations of particular interest
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Figure: Scheme test environment : : : :
5 « Acquire environmental parameters for observation sites

= GAN like structure to generate representative observed pollutant
conc. of 1km?

. Based on test environment model as pre-trained generator

= Most relevant features (found by feature importance analysis):
NO, NO,, O3, CO, wind speed and street lengths
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