Comparing machine learning algorithms for estimating PM1o particle
concentration using AOD and selected meteorological parameters

ABSTRACT
Monitoring and controlling the level and sources of dust are crucial in the face of climate change and the ble predictive
approaches that directly impact the environment and human health. This stu
Ahvaz using various machine learning models. Climate variables and the Aero
sensor at a wavelength of 476 nanometers, were used as influential variables in esti
D with PM1o
t‘Regression (GBR),
Regression (DTR), the
influential variables in

NGe results shouf
variables improved the model's performance in estimating PM1o engLation oposed final model can be used for daily estimation
of PMuo particles.
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Comparing machine learning algorithms for estimating PM1o particle
concentration using AOD and meteorological parameters

EXTENDED ABSTRACT

Introduction

Monitoring and controlling the levels and sources of dust, influenced by climate change, and developing
appropriate predictive approaches that have direct impacts on the environment and humangRgalth are of great
|mportance Dust storms are one of the main reasons for the dlspersmn of alrborne partlcles aerodynamic
and desert

regions of Iran. These storms occur more severely and with eading to
adverse environmental effects. One of the negative consequence ter conc@ltration is
the health risks posed to residents in these areas. Among these, the f Ahvaz
are recognized for having the largest area of origin centers of dust storiii inSEATHTS study was

learning models.

Methodology

In this research, climate variables and the Aeroso i dex, derived from the MODIS sensor
at a wavelength of 476 nanometers, were used as influ
scenarios: combining AOD with PM10 (scenario 1),
combining climate variables and AOD with PM10 (sceltay sing six machine learning algorithms, namely
Random Forest (RF), Gradient Boosting Re tificial Neural Networks (ANN), AdaBoostR with
DTR, Support Vector Regression (SVR), ecision TreeRegression (DTR), the PM10 concentration was
estimated in different scenarios, considering ici

Results and Discussion ‘
The most mflwr&

minimum visibility,

the input variables o

levels, with accu

concentration were determined to be sunshine hours,
index. The results indicated that the method of combining

coefficients, including MAE = 0.40, RMSE = 0.64, I0A=0.82, R?=0.59. The
approach using only m al parameters showed intermediate performance in estimating PMi levels, with
accuracy angd_precision ients, including MAE = 0.37, RMSE = 0.61, IOA=0.88, R? = 0.62. The pixel size
of the satellite image used in the MODIS sensor is one kilometer, which in comparison to the dimensions of
ground-based PM10 pollution monitoring stations, has a larger area. This difference in area creates uncertainty in
the results of models that solely rely on satellite image data.The use of influential meteorological variables
alongside the AOD index for modeling PMo pollutant concentrations has shown remarkable performance. In the
field of machine learning studies, utilizing multiple models for making predictions is crucial. By providing more
accurate predictions in complex processes, focusing on improving these models for optimal management can
ultimately contribute to advancing more sustainable and cost-effective operations. The proposed final model can
be used for daily estimation of PM10 particles.

Keywords: Machine Learning Algorithms, Climatic Variables, AOD index, PMuo
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