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Abstract

Ground surface ozone is one of the most dangerous pollutants that has significant harmful effects on
the residents of urban areas. The purpose of this study is to identify the factors affecting ozone
concentration and modeling its changes using satellite data and different machine learning methods in
Tehran. For this purpose, pollutant concentration and meteorological data were used along with the
satellite product of land surface temperature (LST) in the period from 2015 to 2021. After calculating
the correlation between ozone concentration and independent parameters, ozone concentration
modeling was done in five different modes in terms of input parameters and learning method and
applying data refinement. In the first and second mode, modeling was done using pollutant
concentration and meteorological data through multivariate linear regression method. The only
difference between these two modes is the filtering of the input data using the WTEST method in the
second mode. In the third mode, the LST product was added to the input data, and in the fourth and
fifth mode, ozone modeling was done using multilayer neural network and recurrent neural network,
respectively. The comparison of the five modes showed that the modeling of the first to fifth stages
with adjusted coefficient of determination of 0.5, 0.64, 0.69, 0.74 and 0.8 were able to recover the
ozone concentration, respectively. It was also found that among different pollutants, nitrogen
monoxide, nitrogen dioxide and nitrox have the greatest impact on ozone concentration, just as
temperature, humidity and wind speed are the most influential among meteorological data. Although
the use of WTEST statistics led to the identification and elimination of inconsistencies and errors in
the observations of pollution measurement stations, the neural network learning method showed better
performance in modeling than multivariate regression due to its less sensitivity to noise. As a notable
result, adding the LST product to the input data brought a 5% increase in accuracy in estimating
0zone concentration.

Keywords: Ozone concentration, Machine learning, Multivariate linear regression, Recurrent neural
network, Atmospheric pollutant.
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