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Abstract

In recent years, the number of days with high concentrations of particulate matter (PM) has been increased in Hamadan
city. Since this phenomenon is more prevalent in winter, in this research, an optimal artificial neural network model has
been proposed to predict the concentration of PM in winter. To investigate the concentration of winter PM in Hamedan,
the winter data of air pollutants and meteorological parameters were analyzed with Pearson correlation. Then, according
to the results, Multilayer Perceptron Artificial Neural Network (MLP-ANN) with an optimized structure based on the
training and testing was used to predict the daily concentration of PM2.5 & PM10. Among meteorological and air
quality factors, air quality variables were more correlated with winter PM concentration. MLP-ANN predicted PM2.5 in
a model with 3 input layers, 1 hidden layer and 4 middle layer processors with R: 0.93 and also with 1 input layer, 1
hidden layer and 5 middle layer processors with R: 0.92. Predicted PM10. Alvand Mountains are located between the
prevailing wind in the western parts of the Iran and Hamedan, therefore the effect of meteorological factors on PM
concentration is low. Also, the increase of winter PM in the city can be due to increased fuel consumption in winter.
The MLP-ANN tool with the lowest and most accessible data has the ability to predict PM early and can be used to
control PM effects.
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Introduction

With the physical development of the city, the increase in population, the development of industries, and the
increase in the number of cars, air pollution, especially particulate matter (PM) in Hamadan city, is rapidly
expanding and has recently become a serious problem (Asl et al., 2018; Hoseinzaheh et al., 2012). This city
has cold winters (Zare et al., 2011). Therefore, the use of fuel for heating, in addition to industries and
transportation, increases significantly in this season and causes an increase in air pollution in winter
compared to other seasons. Also, in recent years, the phenomenon of temperature inversion (thermal
inversion) has happened several times in the winter season in this city, and it has aggravated air pollution.
Temperature inversion is one of the main reasons for increasing winter pollution in cities with cold climates
(Janhéll et al., 2006). Considering the location of Hamedan city on the slopes of Alvand mountain and the
way of expansion and establishment of the Zagros highlands, prevents the entry of the western air front into
this area (Zare et al., 2011). The impact of the prevailing meteorological variables in western Iran, such as
western winds, on the city limits, has decreased. The influence of the prevailing meteorological variables in
western Iran, such as western winds, on the city limits has decreased. The effect of wind on PM in the
western regions of Iran is significant from two aspects. At first glance, the ability to carry PM by the wind
from the western and southern regions and cause pollution draws attention to the fact that this phenomenon
in susceptible regions can be limited to a few cases per year. But in general, meteorological factors such as
wind and rain have a significant impact on transporting and eliminating air pollution (Tecer et al., 2008). In
cities surrounded by mountains like Hamedan, the risk of air pollution is much more serious because the
potential of air pollution dispersion by these factors is less. Therefore, early modeling and forecasting of air
pollution, especially winter PM values of Hamedan city is of particular importance. Early prediction of
winter PM concentration can be a great help to city managers and planners to deal with the harmful effects of
city air pollution.

Methodology

Hamedan province is located in an area of 20,172 square kilometers, in the west of Iran, at the foot of Alvand
Mountain and at an altitude of 1,800 meters above sea level, and Hamedan city covers 2,831 square
kilometers of this province, Figure (1).

- Fig[Jre (1): The study area

In this research, meteorological data and concentration of air pollutants including O3 (ppb), CO (ppm), Nox
(ppb), and SO2 (ppb) were used to investigate, model and predict the concentration of PM2.5 and PM10.
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Due to the fact that in cities with cold winters due to the increased consumption of fossil fuels, the risk of air
pollution in winter is higher and the data for this season were used (llten & Selici, 2008).

The design of the network is based on the variables affecting the concentration of PM in the past, in the form
of different structures of different variables in the input layer. In each of the structures, the input information
after processing, from the way output of the neurons of the first layer, to the neurons of the next layers and
finally, if it is acceptable, it is transferred to the network output. Otherwise, with the propagation of the
calculation error, it returns to the previous layers and the calculations are repeated until an acceptable result
is obtained (Parsimehr et al., 2018). In order to increase the speed of information processing and not stop the
network at local minimums, normalized information was used as the input of the network. To model the
artificial neural network, first a percentage of the data is used for training the network, then in the next step,
the remaining percentage of the data is used for validation and testing of the network.

In this research, 70% of the data was used for training and the remaining 30% was used for validating and
testing the network (Mohammadi et al., 2017). Then the predicted data is compared with the real data and the
error amount is calculated.

Results and Discussion

In this research, multi-layer Perceptron artificial neural network was used to model and predict winter PM
concentration in Hamedan city, and based on the results of this research, multi-layer Perceptron artificial
neural network method had good ability and accuracy to model and predict these parameters. In this model
with sigmoid training function and Levenberg—Marquardt stimulus function with three inputs, four neurons
in a hidden layer with correlation of model results with real data more than 90% for PM2.5 and another
model with training and stimulus function respectively sigmoid and Levenberg—Marquardt with one input
and five neurons in a hidden layer had the best results for PM10. According to the results of the sensitivity
test, the variables have been selected correctly. According to the Pearson correlation results, PM2.5
parameter with coefficients of 0.684, 0.674 and 0.763 respectively had a higher correlation with the
concentration of CO, Nox and SO2 pollutants compared to meteorological variables, and PM10 parameter
with a coefficient of 0.763 had the highest correlation with the PM2.5 variable, which indicates that the
winter PM concentration in Hamedan city is influenced by the concentration of air pollutants. Compared to
PM10, PM2.5 values are more correlated with air quality variables, and PM10 concentration has the highest
correlation with PM2.5 concentration. From this, it can be concluded that the concentration of PM10 is more
under the control of the concentration of PM2.5. One of the reasons for the low correlation between
meteorological parameters and PM concentration is the presence of the Zagros highlands in the studied area,
which reduces the penetration of western winds into this area (Zare et al., 2011).

The prediction accuracy of ANN in this research with R was 0.93 and 0.92 for Pm2.5 and Pm10,
respectively, which is the result of Cortina et al.,'s model (2015) with CC: 0.6, Franceschi et al.,'s (2018)
with R: 0.59 and Nidzgorska et al., (2018) with R2 = 0.84 had higher accuracy. The high forecasting
accuracy shows the correct selection of the influencing variables and also the appropriate structure of the
selected network in this research. Other air pollutants selected as inputs to the model can be the source or
controller of PM concentration. In the research of Fing et al., (2015) using the data of the movement path of
air masses, wind speed and direction, he was able to predict the PM concentration with an average detection
rate of 90%, which in addition to confirming the capability of the integrated artificial neural network model.
It shows the importance of air movement in removing suspended particles. The results obtained in this
research, like previous research, emphasized the high ability of ANN in modeling and predicting parameters
in very complex natural environments, such as predicting air pollutants. In the optimized network in this
research, like the research of Zengoui et al., (2018) and unlike Chellali et al., (2016); Memarianfard and
Hatami, (2017); Nidzgorska et al., (2018) were selected to model the PM concentration data of other air
pollutants, which is the result of the special topographical conditions of this area. Similar to the study of
other researchers who predicted PM concentration with MLP-ANN (Dutta & Jinsart, 2021; Taspinar, 2015;
Taspinar & Bozkurt, 2014; Unal et al., 2016), in this study, the high ability of this model was confirmed.
This tool can replace traditional deterministic models, whose inability has been proven in complex
environments, and can be used as an early warning system before contamination occurs. To prevent or
reduce the harmful effects of air pollution in the studied city with the necessary measures.
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