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Abstract

In response to the Covid-19 pandemic, governments worldwide implemented crisis management
strategies to reduce emissions from traffic sources. This study examines changes in air pollutant
concentrations and traffic volume—considered subsets of the environmental index of sustainable urban
development—during the Covid-19 epidemic, comparing them with the pre-epidemic period from
January 21, 2018, to March 20, 2022. The primary objective of this research is to compare pollutant
concentrations during the epidemic with those of the pre-pandemic period and to develop a model for
predicting the Air Quality Index (AQI) in Iran's metropolitan cities.

First, collected pollutant data from Iran’s metropolises were processed and cleaned. Following feature
selection using the Particle Swarm Optimization (PSO) algorithm, machine learning methods were applied
to analyze the data. The results reveal that no consistent pattern of increase or decrease in pollutant
concentrations was observed across all metropolitan cities during the Covid-19 pandemic compared to the
pre-pandemic period. The effects of restrictions on pollutant concentrations varied significantly across
different cities.

To manage both the pandemic crisis and the associated air pollution crisis, which may exacerbate the spread
of disease, it is essential to design traffic restriction models tailored to the specific conditions of each urban
location. Additionally, the findings indicate that the Air Quality Index in most of Iran’s major cities did not
decrease during the pandemic; in fact, it increased. Therefore, targeted and precise measures must be
adopted to manage similar crises in the future. Such measures should aim to reduce pollutant concentrations
and improve the air quality index, taking into account the geographical characteristics of each city.
Keywords: Air quality index(AQI), Traffic Emission, covid-19 Pandemic, machine learning
Models, Urban Air Pollution, Environmental Impact Assessment.
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1, Particulate Matter 2.5 (PM2.5)
2, Carbon Monoxide(CO)

3, Nitrogen Dioxide (NO2)

4. Nitrogen Monoxide (NO)
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Initially, simple linear Poisson
regression models were created
separately for the
hospitalization  dataset and
death counts. For some areas
such as employment, income,
etc., which are measured by a

single indicator, this was used
as a specific criterion, while for

other areas, principal
component  analysis  was
employed.
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Machine learning was used to

model air pollution in cities
with weather-related variables.

hospitalizations and mortality of patients.
An increase of 1 pg in PM25
concentration leads to a 7.4% to 9.3% rise
in hospitalizations and a 2.9% to 10.3%
increase in mortality.
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COVID-19 quarantine resulted in a
reduction of pollutants, including CO2
and NO2, along with PM2.5 levels
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Air pollution is a major cause of the
spread of COVID-19. An asymmetric
relationship exists between PM2.5 levels
and COVID-19 cases. Specifically, a 1%
change in positive PM2.5 shocks leads to
a 0.439% increase in COVID-19 cases.
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The study employed XGBoost,
a gradient boosting algorithm
based on decision trees.
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Machine learning models, using
artificial ~ neural  networks

combined with a kinetic model,
were used to predict 03, NOX,
nitrate, and sulfate to
investigate potential emission
sources and chemical reaction
mechanisms.

initial quarantine occurred in China,
Europe, and India. Pollution throughout
2020 did not fully return to pre-pandemic
levels. For suspended particles, the largest
absolute reduction occurred in China and
India. In many countries, O3 levels
increased during the initial quarantines.
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A significant  decrease in  NO2
concentration of 20% and 25.9% was
observed during COVID-19 level 3
warning from June to July 2021,
compared to the same period in 2019 and
2020, with policies such as remote
working, online education, and reduced
traffic. From June to July 2021, the
average concentration of O3 and NO2
increased by 13.2% and 98.2%,
respectively, compared to the same period
in 2020.
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The largest decrease in PM2.5 occurred in
Wuhan (-43.6%) and Beijing (-14%) at
traffic stations during the quarantine
period, while in Urumgi, this decrease
was linked to the industry. NO2
decreased significantly in every city,
while O3 increased.
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Table 2- Air quality index based on the standard of Iran Environmental Protection

Organization
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Health significance level Category number Air quality index
St
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JALW;- Lg\.&:a})s L;b.: VJL.»L;
Unhealthy for sensitive 3 101 - 150
groups
Lt
Unhealthy 4 151-200
Ll s
Very unhealthy 5 201 - 300
Sl
Hazardous 6 301 - 500
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Table 3- A summary of the descriptive statistics of the data set
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Fig. 1. Comparison of the concentration of air pollutants
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Table 4- Predicting values of decision tree model criteria C4.5
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Table 5- The C4.5 decision tree evaluation criteria by air index class
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Fisher Recall Accuracy Negative Positive Class
prediction prediction
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0.994 0.994 0.994 0.000 0.994 4
0.986 0.986 0.986 0.000 0.986 5
0.985 1.000 0.971 0.000 1.000 6
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Table 6- Comparison of evaluated results
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