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Abstract

Background: Exposure to air pollutants, such as PM, , is recognized as a significant health risk,
contributing to the development of various diseases, and increased risk of premature mortality.
Methods: Multilayer perceptron (MLP) and radial basis function (RBF) neural networks, were
used to predict the hourly concentration of PM, . in Isfahan, Iran. The MLP model was designed
with five input variables, including PM, ; concentration and weather characteristics, ten hidden
layers, and a single output layer. The dataset was divided into three subsets: 70% for training,
15% for testing, and 15% for validation.

Results: The results showed that the average concentration of PM,, was 26.5 pg/m’. The root
mean square error (RMSE) was estimated as 6.49 pg/m®. Increasing the input data resulted in
a slight reduction in network error, with the RBF model, utilizing 1450 inputs and an RMSE of
6.47, achieving the same accuracy as the MLP model with 10 inputs.

Conclusion: Given that the PM, ; concentration estimates from the RBF and MLP models deviated
by less than 23 and 25%, respectively, compared to the observed concentrations, both MLP and
RBF can be regarded as reliable tools for predicting PM, . levels.
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Introduction

Industrialization and urbanization led to health risks
caused by exposure to air pollutants, including gases and
particles released from stationary and mobile sources,
which are of the serious environmental challenges."?
Particulate matter (PM) is one of the most important air
pollutants due to its proven health consequences, including
cancer.** However, the intensity of PM impact depends on
various factors, including size.>® PM with a diameter of 2.5
micrometers and less (PM, ,) have more severe effects due
to higher penetration into the respiratory system.”” Air
quality monitoring as well as pollutant emission modeling
are significantly important in managing cities so that
people receive health recommendations and warnings in
real time based on pollution levels. Also, governments and
policymakers use this strategy to control pollutants based
on the recommended standards of the World Health
Organization (WHO)."

Accurate prediction of air pollution concentrations
is a critical step in managing and mitigating pollutants,
as it provides essential information about PM,  levels."
However, predicting PM, , concentrations is challenging
due to the complex interplay of human activities and

natural, unpredictable atmospheric changes. While
some of these activities exhibit repetitive or periodic
patterns,'? recent years have seen a growing preference
for neural networks over traditional statistical methods
in air pollutant modeling. Neural networks have become
widely adopted as effective tools for estimating PM,
concentrations.'* Multilayer perceptron (MLP) and
radial basis function (RBF) neural networks are among
the most common neural networks for predicting PM,
concentration.””® In a study by MLP in Tehran, it was
found that there was a correlation between the observed
and predicted concentrations of PM, .."” An investigation
into the relationship between the concentrations of
air pollutants, including CO, SO,, O,, and NO,, and
PM,.s levels using a MLP model in China revealed
that these pollutants play a significantly more critical
role in determining PM,, concentrations compared to
meteorological conditions.”® One-hour prediction of
PM, . concentration by MLP showed that this network
can predict pollutant concentration at 4.45 pg/m** In a
study conducted in eight cities of Brazil and Finland, it
was found that trainable hybrid methods such as MLP
performed better in predicting PM, , concentration.”

-
[= E © 2025 The Author(s); Published by Kurdistan University of Medical Sciences. This is an open-access article
distributed under the terms of the Creative Commons Attribution License (https:/creativecommons.org/licenses/by/4.0),
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.


https://creativecommons.org/licenses/by/4.0/
https://orcid.org/0000-0003-1618-2454
https://orcid.org/0000-0002-5629-6512

https://crossmark.crossref.org/dialog/?doi=10.34172/jaehr.1387&domain=pdf
https://doi.org/10.34172/jaehr.1387
https://jaehr.muk.ac.ir/
https://doi.org/10.34172/jaehr.1387
mailto:Tayebeh.Tabatabaie@iau.ac.ir
mailto:Tayebeh.Tabatabaie@iau.ac.ir

Mohammadi Bardshahi et al

Climate factors such as relative humidity, wind speed,
temperature, and inversion have an important effect on
the dispersion of pollutants in the air.'”# These factors
and estimated emission from different sources such as
vehicles and industries can be considered in the definition
of prediction systems such as MLP and RBE. The aim of
this study was to predict the hourly PM, , concentration
using concentration information as well as meteorological
data by MLP and RBE This model was developed and
tested using one-year hourly data of Isfahan, Iran.

Material and Methods

Study Area

This study was conducted in Isfahan, Iran. The city
covers an area of 551 km? and is situated in central Iran
at an altitude of 1571 m above sea level. Its geographical
coordinates are 32°38'30"N latitude and 51°39'40"E
longitude. Isfahan experiences a semi-arid climate, with
an average annual rainfall of 127 mm, an average annual
temperature of 16.5 °C, and an annual relative humidity
of 38.7%. The city has a population exceeding 2 million
and faces persistent issues with high PM, , concentrations
due to its proximity to large steel industries, oil refineries,
and petrochemical facilities, as well as high traffic levels,
recurring droughts, and its location near desert regions.

Neural Networks

MLP was used as a neural network in this study. The MLP
is composed of input layers, hidden layer, and output layer
with different neurons.?* The topology of this artificial
neural network is determined by the number of layers, the
number of neurons in each layer, the learning algorithm,
and the transfer function in the network.”” In this study,
neurons were placed in the input layer according to the
number of dimensions of each input pattern. The number
of hidden layer neurons was chosen in such a way that the
output of the network provides an accurate answer.”®
The overall output of MLP was defined according to
equation 1.%

S:zwjin"n"—bi (1)
jl

Where s, n, w, and b are the parameters transferred
through a scalar to the activation function, the number of
samples or input neurons, the weights connecting neurons
across different layers, and the bias error, respectively. In
this study, sigmoid and hyperbolic tangent functions were
used as transfer functions. These functions, like biological
cells, keep the output of neurons within a certain range.
The first range is between (0)-(1) and the second range is
between (-1)-(1) (Equations 2 and 3:%%)

logsin(x) = 1+lefx (2)
tan sig (x) =% (3)
e +e

RBF were also used. In this network, the transfer
function in the intermediate layer is the Gaussian function,
and in the output layer is the RB linear function.*® An
RBF network can be considered as a three-layer network
in which the hidden layer performs a fixed nonlinear
transformation without changing its weights and
parameters. This layer (hidden layer) contains a number
of neurons and a parameter vector called “Center”, which
can be considered as the weight vector of the hidden
layer.*® To use RBE functions in the hidden layers, the
number of adaptive neurons, and the training algorithm
to find the network parameters were defined. The input
of the network was modeled as a vector of real numbers
and the output of this network was calculated as a scalar
function of the input vector according to equation 4°>*:

p(X)=21 ap(l X -C) (4)

N is the number of hidden layer neurons, C,is the center
vector of neuron i, and a, is the weight of neuron i in the
linear output neuron.

To determine the efficiency of MTB and BBT, the root
mean square error (RMSE) was used. RMSE is a measure
of the absolute error between the simulation variable and
the observation that varies from zero to infinity.** The
lower value indicates the better simulation. RMSE value
close to zero indicates the lowest error rate, which is
calculated by equation 5.%>%

1 N 5 /2
RMSE:[N;[PﬁO,]j ©)
where O, P, and N are the observed value, the predicted
value and the number of observations, respectively.
Also, correlation coefficient according to equation 6 was
used to determine the conformity of model output results
with real values.?”>

RI=1— 251(}3_67)2 (6)
Zi:l(Of _0)

where O, P, and N are the observed value, the predicted
value and the number of observations, respectively.

Data Collection and Preparation

The hourly concentration of PM,. for one vyear
(March 2018-March 2019) was obtained from Isfahan
Environmental Protection Organization. Also, other weather
characteristics such as temperature, relative humidity, wind
speed, and wind direction were also received from Isfahan
Meteorological Center. Considering that entering data in
raw form reduces the speed and accuracy of the network. In
order to avoid this error and also to equalization of the data,
the normalization was done according to equation 7.4

* —
N = 27 (%, = X, -1 (7)
chL‘c - Xmin
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where X, X X . and N are real data, minimum data,
maximum data, and corrected data respectively. Due to
the use of hourly data, a total of 8760 data were prepared
for each of the variables, and after data processing, a total
of 8644 input data were obtained for each component.

Results and Discussion

The results of the analysis have been presented in Table 1.
The results showed that the average annual concentration
of PM_, in Isfahan was higher than the recommended
standards by the World Health Organization. In addition,
as shown in Figure 1, the direction of pollution transfer
in the ambient air was in accordance with the direction
of wind-rose towards the west. Output values of R for
training, validation, test, and total are shown in Figure 2.
The results showed that the value of R in training, testing,
validation, and all was equal to 0.8992, 0.9055, 0.9080,
0.9012 respectively. As shown in Figure 3, the mean
squared error (MSE) in the neural network was 42.26.

Table 1. Data Analysis for Study Area

Parameter Value
PM, concentration 26.5 pg/m?
Temperature 15.9°C
Relative humidity 37.83 %
Wind speed 2.79 m/s
Wind angle 170.55 °

Estimated concentration by MLP 20.01-32.99 pg/m’

Estimated concentration by RBF 20.56-32.44 pg/m’

RMSE value 6.49 pg/m?

Training: R=0.89921
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Forecasting PM, ; Concentrations using ANN

Therefore, R2 and RMSE were calculated as 0.81 and 6.49
ug/m?, respectively.

RBF was also used to investigate the relationship
between meteorological parameters and the PM,,
concentration. As shown in Figure 3, initially, RBF was
designed with zero neurons. As a result, the MSE and RBF
were calculated by 243.56 and 15.61, respectively. Then,
by adding 50 neurons RMSE and RBF were reduced. As
the number of neurons increased, the error rate decreased,
with the network achieving a MSE of 35.33 and a RMSE
of 5.94 at 1700 neurons. The network’s output results
indicate that increasing the number of neurons reduces
the error, which continued until the neuron count reached
1650. Beyond this point, specifically at 1700 neurons,
the RMSE increased, suggesting that the RBF network
exhibited optimal performance with 1650 neurons.
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Figure 1. Wind-Rose of Studied City
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Figure 3. MSE Error Reduction in the RBF by Increase in the Number of Neurons

Furthermore, the RBF network with 1500 neurons
demonstrated comparable accuracy to the MLP network
with 10 neurons.

The results indicated strong agreement between the
predicted values and the recorded data. This consistency
can be attributed to the inclusion of all relevant factors
influencing PM, , concentrations as system inputs. Recent
studies highlight the significant role of relative humidity
in determining PM,, concentrations in ambient air."
Changes in air humidity, which are often associated with
an increase in rainfall due to the settling of PM, have a
significant effect on the concentration of these particles
in the atmosphere, and the inclusion of this parameter
in the structure of the neural network had a positive
effect on the accuracy of prediction.* Also, wind speed
had a positive effect on reducing atmospheric PM,
concentration because many studies have proven the
correlation between wind speed and PM, , concentration.*
Considering the density of various industries around
Istahan, the wind direction was one of the most important
factors affecting the concentration of pollutants.
Therefore, the wind direction was considered as one of
the important components to predict the concentration of
PM,, in the design of the artificial neural network. Also,
temperature changes in different regions, especially big
cities, cause atmospheric phenomena such as inversion.*
This phenomenon strongly affects the increase in the
concentration of suspended particles, especially PM, _.**
Therefore, temperature changes were used as one of the
important atmospheric parameters to be used in the
structure of artificial neural networks.

Although the official data on PM,, concentrations in
Isfahan and the predicted values exceeded the standard
limits, the concentrations were generally higher than the
standard in most cities across Iran.” Previous studies have
reported PM, . concentrations in ambient air across various
cities within the range of 8 to 73 pg/m®.** In this situation,
exposure to this pollutant can lead to an increase in health
risk caused by air pollution. The health risk caused by
PM, . depends on its chemical composition in addition to

its physical characteristics. For example, in various studies,
the chemical composition of PM,, reported to contain
elements such as aluminum, lead, iron, and other heavy
metals.* In addition to heavy metals, compounds such as
polycyclic aromatic hydrocarbons have also been reported
in the chemical composition of PM, ..’ Therefore, the
health risk attributed to PM,, depends on its origins.*
Traffic, industries, and dry land around the city were the
main origins of PM, , in Isfahan.* Therefore, investigating
the chemical composition of PM, , in the studied city can
provide complementary data.

Therefore, policies and planning efforts to control air
pollution, including PM, ,, should be intensified due to
their significant role in mitigating various pollutants
and associated health consequences. For instance, traffic
control programs implemented in Tehran in previous
years resulted in a 17.2% reduction in PM concentrations.*®
Enhanced attention to industrial pollution control and the
regulation of dust activity centers could further strengthen
the management of PM in the ambient air of Isfahan.

Conclusion

The concentration of PM, , in the ambient air of Isfahan
was analyzed over a one-year period. Using two neural
network models—MLP and RBF—the concentration
of this pollutant was predicted based on meteorological
variables. The results indicated that the annual average
PM,, concentration was 26 ug/m’. The predicted values
ranged from 20.01 to 32.99 pg/m® by the MLP model
and from 20.56 to 32.44 pg/m® by the RBF model. The
alignment between the predicted concentrations and
the officially recorded values can be attributed to the
incorporation of all relevant factors influencing pollutant
concentrations, such as temperature, relative humidity,
wind speed, and wind direction. While both the MLP
and RBF models demonstrated strong performance in
predicting PM, . concentrations, the development and
implementation of effective pollutant control programs
remain essential to achieve the air quality standards set
by the WHO.
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