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Introduction

Atmospheric aerosols are one of the most dangerous pollutants in the atmosphere. They are responsible for several
problems in human health, such as respiratory problems. They can also interact with the incoming solar radiation, playing
a crucial role to the climate change.

The aim of this study is to estimate the AOD and PM2.5 surface concentrations, via Machine Learning (ML) models, based
on satellite data. Three state-of-the-art ML models have been developed, Random Forest (RF), Neural Network (NN) and
eXtreme Gradient Boost (XGB), separately for AOD and PM2.5. As a first step, we focused on the area of Greece. Many
atmospheric parameters were used as features to train the models. The training of the models were made for several
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urban cities over Greece. The targets were the AOD from AERONET and PMZ2.5 surface concentrations from the EEA W
network, for the cities that were chosen. For the AOD, the models were trained for the years 2021-2022, while for the ‘?ﬁ A
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PM?2.5, were trained for the period 2019-2021. The choice of the stations and the training period were made based on & " T N
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the availability of the ground-based data.

The choice of the features is crucial for the good performance of the ML models. Thus, in this work we present the .
results from four approaches which were used to identify the important features. AERONET (AOD) stations EEA PM2.5 stations

Methodology

» Data Preparation/Preprocess » |ldentify the important features
e Step 1: match (time and scan) the RAD and the L2 data using e Step 5: find the common time points of ALL e (Calculate the features importance directly from the ML model
the scan_subindex parameter data (satellite and ground-based)
;  Recursive Feature Elimination (RFE) method: eliminates the least
* Step 2: match (time and scan) the IRR with the rest satellite : < Step 6: choose specific wavelengths in UV and Vis important features, in order to get the optimal combination
data using the scan_subindex parameter i - reflectance = radiance/(irradiance - cos(SZA)) _
g * Sequential Feature Selector (SFS) method: removes or add a feature, based
- Step 3: find the common time points between the satellite | * Step 7: match the SSP/TROPOMI and the CAMS pixels, based on a cross-validation score, in order to get the optimal combination
data i on the max and min values of the latitude and longitude o . .
g * SHapely Additive exPlanations (SHAP) method: chooses the most important
 Step 4: match the time between the satellite and the » Step 8: circulate the day of the year (doy) values (data features, based on the so called “game theory”
ground-based data ; resampling)

Results/Conclusions
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The results presented in this work have been produced using the DLR’s HPC Li, L.; A Robust Deep Learning Approach for Spatiotemporal Estimation of Satellite
AOD and PM, .. Remote Sens. 2020, 12, 264. https://doi.org/10.3390/rs12020264.

S5P/TROPOMI L1B and L2 data: https://search.earthdata.nasa.gov/search

CAMS ERAS Reanalysis data: infrastructure.

https://cds.climate.copernicus.eu/datasets?kw=Product+type%3A+Reanalysis This work has been by DLR, through the project Consulting Services in the framework of Loyola, D.; Coldewey-Egbers, M.; Multi-sensor data merging with stacked neural
AOD data: https://aeronet.gsfc.nasa.gov/ the ESA projects S4L2 and S5p. networks for the creation of satellite log-term climate data records, EURASIP Journal
PM?2.5 surface concentrations: https://eeadmz1-downloads-webapp.azurewebsites.net/ on Advances in Signal Processing 2012, 2012:91,

http://asp.eurasipjournals.com/content/2012/1/91.
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