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Abstract: 

In the present study, the temporal variation of Sentinel-5P TROPOMI-derived air pollutants 

(NO2 and SO2,) and MODIS-derived AOD were examined by using satellite missions in six air 

pollution hotspot provinces, including Isfahan, Tabriz, Mashhad, Tehran, Ahvaz, and Guilan in 

Iran for contemporaneous time periods before (as a baseline period), and during the epidemic, 

including the first wave lockdown period of the COVID-19 outbreak, from the 22nd of February, 

2019, to the 22nd of February, 2021. The results revealed that the mean ratio of NO2 and SO2 

has not varied drastically in the considered provinces. These column concentration ratios for all 

months were within the range of +2%(Tehran) to -6% (Tabriz). In comparison, the ratio of 

variance is more considerable, especially for Guilan province, a tourist attraction province, even 

in terms of travel restrictions and lockdowns in Iran. The AOD distribution map and its trend 

illustrated that Guilan, Khorasan-Razavi, and Tabriz had become more pollutants after the 

outbreak due to changes in tourist patterns and emission inventories. Based on wavelet 

transform, implemented on ground-measurements of PM2.5, the aerosol concentration increased 

in early 2021 from the value in the baseline period, due to eased restriction and expansion of 

public COVID-19 vaccine in all considered provinces. 

 

1. Introduction 

In the past decade, rapid industrialization and urbanization 

have led to the enormous consumption of fossil fuels [1]. As 

a result, the atmospheric pollutants grew substantially 

throughout the globe, deteriorating the air quality. 

Moreover, One of the consequences of air pollution is its 

harmful and destructive effects on human health, reducing 

life expectancy, reducing workplace productivity, and 

environmental impacts, such as reducing visibility and 

affecting climate and ecosystems [2-4].  

Air pollutants, including nitrogen dioxide (NO2), sulfur 

dioxide (SO2), and particulate matter (PMs), have 

destructive health effects, depending on the chemical and 

physical structures, including cardiovascular, respiratory 

disease, asthma, lung cancer, ventricular hypertrophy, 

Alzheimer's, and Parkinson's diseases [5-9]. This issue leads 

to increased treatment costs and work pressure on physicians  
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and, in the long run, will cause mental problems such as 

fatigue and burnout of treatment staff [10, 11].  

The remote sensing method uses satellite data and images to 

monitor various quantities, including pollution monitoring 

[12, 13]. Compared to traditional on-site measurement, 

satellite-based remote-sensing technology facilitates a 

deeper understanding of the long-term spatiotemporal 

patterns of air quality on a different scale. The Google Earth 

Engine (GEE) platform has integrated different satellite 

imagery resources and geospatial datasets including 

Landsat, Sentinel, and MODIS. Satellite data can predict and 

warn of air quality in the medium and long term due to their 

availability, high spatial resolution, and coverage of a wide 

range of study areas. Hence, satellite data played a critical 

role in understanding air quality during the COVID-19 

pandemic by providing real-time, large-scale observations 

of atmospheric pollutants. As global lockdowns 

significantly reduced human activity, especially industrial 

and transportation emissions, satellites allowed scientists to 

observe unprecedented changes in air pollution levels 
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including tracking pollutant reductions, global and regional 

comparisons, and long-term trend analysis [14, 15].  

Coronavirus disease, an infectious illness caused by the 

SARS-CoV-2 virus, has been around since late 2019; in 

Wuhan, China, it spread and, after a while, spread 

worldwide [16, 17]. This disease pandemic has affected 

more than 513 million people worldwide [18]. Studies have 

been conducted to investigate the association between 

exposure to poor air quality and increasing rates of 

morbidity and mortality due to COVID-19. Some scientists 

have proposed that elevated levels of air pollution may 

worsen the effects of COVID-19 by compromising 

respiratory health and increasing vulnerability to severe 

outcomes [19-21].  

By mid-2020, the first empirical studies started to emerge. 

These studies were primarily correlational, using data from 

COVID-19 cases and air quality indexes to investigate 

possible relationships. These studies found that areas with 

higher levels of pollutants such as PM2.5, NO2, and ozone 

had higher COVID-19 mortality rates. The correlation 

between long-term exposure to air pollution and increased 

vulnerability to severe COVID-19 outcomes was a key 

finding. Also, air quality exhibited unpredictable and varied 

behavior during the COVID-19 pandemic, revealing a 

complex relationship between COVID-19 mortality and 

pollutant exposure, including NOx, SOx, and particulate 

matter (PMs). These findings highlight the intricate 

interactions between environmental factors and health 

outcomes during the pandemic [19].  
Moreover, there are few studies investigating of the effect of 

coronavirus lockdown on air pollution based on remote-

sensing measurements in the world [21-23]. Most of the 

results indicated that the NO2 levels were the most 

significant contributors to mortality caused by the COVID-

19 [23, 24]. Moreover, in some significant studies conducted 

in Iran and other regions, Satellite-based concentrations 

varied more significantly in the first year of lockdowns than 

in the second year of pandemic. [25, 26]. 

Meta-analyses and multi-country studies confirm previous 

findings while providing a more refined understanding of 

the roles of specific pollutants. The previous studies 

indicated the decline of NO2 and CO concentrations during 

the lockdowns (Norouzi and Asadi 2022). Moreover, NO2 

had the most significant effect on the density of confirmed 

cases among all pollutants in the second year of pandemic 

[27]. 

Some studies in 2024 explored the use of satellite data to 

predict COVID-19 hotspots based on air quality, providing 

a new tool for public health officials to manage future 

outbreaks. By 2024, research on air quality and COVID-19 

has become more sophisticated, leveraging advanced 

technologies and addressing broader issues such as COVID, 

climate change, and social equity. These studies continue to 

inform public health strategies, ensuring that lessons learned 

from the COVID-19 pandemic are applied to future global 

health challenges. These studies found that individuals with 

prolonged exposure to high levels of air pollution were more 

likely to experience persistent respiratory and 

cardiovascular issues post-COVID-19 [28, 29].  

In general, the intensity and extent of restrictions caused by 

the coronavirus vary over different periods of time. The lack 

of monitoring of the changes in air pollutant concentrations 

in Iran, during two continuous and contemporaneous time 

periods before (as a baseline period and pre-lockdown year) 

and during the epidemic has motivated the authors to 

consider a broader scale of the mentioned pollutants as the 

index for monitoring the pollutants' trend shifts. To be more 

precise, this paper simultaneously investigates spatial and 

temporal pollutant distribution shifts before and during the 

COVID-19 pandemic. 

The focus of this study is to determine the variation of NOx, 

SOx, and aerosol optical depth (AOD) based on remote 

sensing data in the two periods, before and during the 

pandemic in six megacities in Iran. To do this, the median of 

these parameters was extracted at the considered cities for 

two years from the 22nd of February, 2019 to the 22nd of 

February, 2020 (before the COVID-19 outbreak) and the 

22nd of February, 2020 to the 22nd of February, 2021 

(during COVID pandemic and before wide and public 

COVID-19 vaccine) by means of freely available Sentinel-

5P and MODIS satellite datasets. The Google Earth Engine 

(GEE) platform is used for the retrieval and processing of 

satellite imagery, and data analyses. The insights on air 

pollution during COVID-19 in Iran presented in this study 

can be invaluable for policymakers in understanding the 

public health impacts of COVID-19, guiding decisions to 

control its spread, and planning effective strategies for 

managing similar situations in the future. 

2. Material and Methods 

2.1 Study Areas 

The authors have chosen six main provinces in Iran to 

investigate the seasonal variation of the trends of NO2 and 

SO2 before the COVID-19 pandemic and after the 

pandemic. These six provinces are Tehran, Khuzestan, 

Isfahan, Khorasan-Razavi, Tabriz, and Guilan, containing 

the most megacities in Iran. Demographic information on 

the selected area is presented as supplementary materials 

(A1). The locations of the study areas are shown in Fig 1. 

These provinces have relatively critical air pollution 

conditions and frequently face critically high pollutant levels 

due to various pollutant sources, including mobile sources, 

industrial activities, and biomass burning [30-32]. 

In this study, air quality data (i.e., NO2 and SO2 and AOD) 

has been extracted from Sentinel-5P and MODIS Satellite 
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during two study periods from the 22nd of February 2019 to 

the 22nd of February 2020 (before the COVID-19 outbreak) 

and the 22nd of February, 2020 to the 22nd of February, 

2021 (during COVID pandemic and before wide and public 

COVID-19 vaccine). 

 
(a) 

 

(b) 

Fig. 1: a) The location of study areas, b) Population density of 

considered provinces 

2.2. Data collection 

Long-term studies of pollutants are essential in providing 

accurate information for managers to develop air pollution 

crisis management strategies [33-35]. Two sets of the newest 

satellites that can monitor air pollution are the Moderate 

resolution Imaging Spectroradiometer (MODIS) sensor, 

flown on NASA's Earth Observing System (EOS) satellite, 

and the Sentinel-5 satellite from the Copernicus project 

series of satellites of the European Space Agency [36, 37].  

Sentinel-5P has a daily temporal resolution, enabling it to 

monitor global air quality daily [15]. Sentinel-5P carries the 

TROPOMI sensor, which can measure vast radiation 

spectral bands, including ultraviolet-visible, near-infrared, 

and short-wave infrared. Hence, air pollutants such as NO2, 

O3, CH2O, SO2, CH4, and CO spatial concentrations could 

be accurately obtained using Sentinel-5P. Sentinel-5P 

provides data at two processing levels, which are L1B and 

L2. Since the L2 product of this satellite provides multiple-

layer products, including products for diverse pollutants 

such as SO2, NO2, and O3, it suits the objective of this study 

[15, 37]. Using satellite data for air quality monitoring 

presents several potential limitations, including issues with 

spatial and temporal resolution, as well as interference from 

cloud cover and weather conditions. 

In order to pursue the paper's objective, monthly offline L2-

NO2 products and L2-SO2 were used for the periods' before 

the pandemic, as a baseline period (between the 22nd of 

February 2018 to the 22nd of February 2019) and after the 

pandemic (between the 22nd of February 2020 to the 22nd 

of February 2021), ensuring daily coverage of NO2 and SO2 

for these two periods. Moreover, in order to compare the 

pollutant fluctuation before and during the pandemic, the 

Google Earth Engine tool was used to calculate the median 

of NO2 and SO2 for the year before the pandemic and the 

year after the pandemic. In other words, for each period (i.e., 

before and during the pandemic), a single pollutant spatial 

distribution map has been produced, showing the median 

pollutant of these periods.  

The MODIS satellite has an acceptable spatial resolution. 

This sensor was mounted on NASA EOS 1's first satellite, 

the Terra, and launched on the 18th of December, 1999. The 

sensor is also mounted on the Aqua satellite, which was put 

into orbit on the 03rd of May, 2002 [36, 38]. The MODIS 

sensor has 36 bands, 11 of which are in the visible light 

range, nine bands in the near-infrared range, six bands in the 

thermal infrared, four bands are set in the short-wave 

infrared range (SWIR2), and six bands are set in the long-

wave infrared range (LWIR3) [39]. The resolution of this 

sensor's bands varies between 250 meters to 1000 meters. 

This paper used MODIS to gather information about the 

distribution of AOD pollutants in all provinces. This 

parameter described the extinction of light by aerosol 

particles when passing through the atmosphere, and it was a 

good representative parameter for the probability presence 

of fine aerosol emitted in mobile sources [38]. Utilizing free 

and accessible satellite data offers a highly efficient 

alternative to the limited availability of ground-based 

measurements in Iran. In this study, all data were analyzed 

and extracted using Google Earth Engine, an open-source 

geospatial analysis platform with planetary-scale 

capabilities. This powerful tool allows for extensive data 

processing and analysis through its JavaScript-based 

programming environment, significantly enhancing 

research potential. 
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2.3. Data processing 

2.3.1. Statistical analysis 

This study used data analysis methods to probe the shift in 

the NO2 and SO2 pollutants trends (based on satellite data) 

before and during the pandemic. To be more precise, the 

mean and variance of the median spatial distribution of 

pollutants before and after the pandemic were calculated to 

compare the pollutant distribution shifts. The variance of air 

pollutant concentration is a crucial statistical measure for 

understanding the distribution of pollutants due to 

measuring dispersion and variability, identifying pollution 

hotspots, and assessing temporal and spatial trends. In other 

words, variance is essential for understanding the 

distribution of air pollutants because it provides insights into 

the consistency, extremes, and patterns of pollution. This 

understanding helps in assessing risks, identifying critical 

areas, improving models, and designing effective air quality 

management strategies. In the following, a brief description 

of variance will be given. A variance is a statistical tool that 

discloses information about the distribution of data. By 

definition, variance is the average squared difference from 

the mean value of the data [40]: 

𝑆2 =
1

𝑛 − 1
∑(𝑂𝑖 − 𝑂̅)2 (1) 

Where 𝑆2 is the sample variance, 𝑛 number of observations, 

𝑂𝑖  the value of one observation and 𝑂̅ Mean of the 

observations. 

In order to compare the monthly variation of pollutants 

before and after the pandemic root mean square method was 

utilized. Regarding the RMSE concept, RMSE calculates the 

mean square of the values of two graphs [41]: 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑(𝑆𝑑𝑢𝑟𝑖𝑛𝑔 − 𝑆𝑎𝑓𝑡𝑒𝑟)

2
𝑛

1

 (2) 

2.3.2. Mathematical model: Wavelet transformation 

Wavelet transformation is a powerful mathematical tool that 

allows the decomposition of time-series data into various 

frequency components, making it particularly useful for 

analyzing non-stationary signals like air pollutant trends. In 

air quality studies, pollutant concentrations often exhibit 

both short-term fluctuations (daily or seasonal variations) 

and long-term trends (yearly or decadal shifts). Wavelet 

transformations help in disentangling these patterns by 

capturing localized variations in time, unlike traditional 

Fourier analysis, which only focuses on frequency. 

In general, the concentration of air pollutants is influenced 

by a variety of factors, resulting in concentration time series 

with noisy features. As a result, these noisy features may 

limit our ability to accurately establish the association 

between past and future behaviors. As a kind of data 

preparation, the wavelet transform integrates signals in the 

frequency domain to produce the original signal, which 

allows us to obtain information defining the signal's 

behaviors and extracting its frequency components [42]. By 

leveraging the discrete wavelet transform (DWT) to 

decompose the original data, we can more precisely analyze 

and mitigate the impact of noisy features on air pollution 

prediction. This advanced approach enhances the accuracy 

of predictions by isolating and addressing the influence of 

noise, leading to more reliable and actionable insights into 

air quality. The mathematic foundations of wavelet 

transform are outlined below [43]. If it is possible to 

integrate the square of x(t), the mathematical basis of the 

continuous wavelet transform (CWT) of x is described as: 

𝑊𝑎,𝑏(𝑡) = ∫  
+∞

−∞

𝑥(𝑡)
1

√|𝑎|
𝜙 (

𝑡 − 𝑏

𝑎
) 𝑑𝑡, 𝑎

≠ 0, 𝑏 ∈ 𝑅 

(3) 

Where x(t) is the original signal, φ(t) is the wavelet function 

and b and a are the time-centered parameter and scale 

parameter respectively. x(t) is defined as shown as follows:  

𝑊𝑥(𝑎, 𝑏) =< 𝑥(𝑡), 𝑊𝑎,𝑏(𝑡) >

=
1

√|𝑎|
∫ 𝑥(𝑡)𝜙 (

𝑡 − 𝑏

𝑎
)

̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅
𝑑𝑡 

(4) 

The wavelet can be compressed or stretched by adjusting the 

value of a, while the wavelet function can be shifted to the 

left or right by adjusting the value of b. 

However, data decomposition is complicated by CWT since 

the signal is not split up into frequency components. Thus, 

the discrete wavelet transform (DWT) is frequently used to 

deconstruct the data in order to avoid the information 

redundancy created by the continuous wavelet transform, in 

which the signal is separated into its frequency components 

depending on amplitude, i.e. breaking the original signal 

down into its approximate signal namely A and its detail 

components D. More precisely, the low-frequency signal, 

denoted by A and represents the main elements of the 

original sequence. While the high-frequency signal, denoted 

by D and provides additional details. The decomposition 

process is iteratively applied to the prior decomposed signal 

components until the required decomposition level is 

achieved [44]. Hence, when wavelet transformation is 

applied to air pollutant trends, it can highlight seasonal 

patterns, anomalies, and long-term trends. In the context of 

air quality during the COVID-19 pandemic, wavelet 

transformation can be used to observe the immediate drop in 

pollutants due to lockdowns, while also identifying how 

pollution levels rebounded over time. This method provides 

insight into how short-term changes (like reduced traffic) 

interact with broader pollution patterns. 
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In this paper, the original signal is decomposed into one low-

frequency signal and two high-frequency signals. The 

original sequence is decomposed as follows: 

𝑋 = 𝐴2 + 𝐷1 + 𝐷2 (5) 

As the exact value of fine particulate matter cannot be 

accessible through Sentinel-5P and MODIS satellite, the 

DWT was applied in field measurement of fine particulate 

matter, in order to examine the pollutant behaviors in this 

pandemic. In this study, we have studied the daily PM2.5 

concentration in five provinces, excluding Guilan provinces, 

because of the lack of data in only one of its stations. By 

applying wavelet transformation to the analysis of PM 

trends, we can effectively decompose these time series data 

into different frequency components, allowing us to capture 

both short-term fluctuations and long-term patterns. This 

method enhances our ability to identify and interpret 

periodic behaviors, seasonal variations, and abrupt changes 

in pollutant levels, providing a more detailed understanding 

of the underlying dynamics and potential influencing 

factors. 

3. Results and discussion 

3.1. Satellite components variation 

This paper, calculated the monthly mean and variance of 

NO2 and SO2 levels in all six provinces based on remote-

sensing techniques during two contemporaneous time 

periods before and after the epidemic lockdown. Figure 2 

compares the ratios of means and variances of NO2 and SO2 

for two considered periods. This figure illustrates that the 

mean of NO2 pollutants has not altered magnificently. The 

mean monthly NO2 concentration in all provinces increased 

during the lockdown in 2020 compared to the same period 

in 2019. The ratios of mean levels of NO2 in two continuous 

time periods ranged from 1.05 to 1.15, except Khuzestan 

(0.95). Also, the mean variances of NO2 concentration 

increased during the pandemic, except in Khuzestan and 

Tehran. So, the NO2 concentrations showed a relatively high 

temporal variation across the COVID-19 outbreak. It can be 

interpreted that the lockdowns and quarantines could not 

decrease the NO2 levels in these provinces in Iran. The range 

of the ratio of the mean value of NO2 is between +2% 

(Tehran) and -6% (Tabriz). Whereas, in the case of NO2 

variance, the fluctuation between the pandemic duration and 

before the pandemic is significant. These results are a bit 

different from other studies, which they reflected a decrease 

in NO2 levels in the COVID-19 outbreak in Turkey and 

China [20-22].   

The maps of pollutant levels for these provinces before and 

during the pandemic are described in Figure 3. The results 

convey that the median of pollutant concentrations did not 

change significantly before and during the pandemic. 

However, in Guilan province, NO2 and SO2 have shown 

some increase in pollutant concentration after the pandemic 

due to the increase in traveling to Guilan. Moreover, in the 

case of other cities' lack of industrial activity data, a 

conclusive result was not available. The results also show 

good consistency of ground-based measurement at air 

pollutants monitoring sites by the remote-sensing 

measurements in these locations [45]. 

 

Fig.2: Mean and Variance Ratio of NOx and SOx during and before the pandemic 
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(a) 

  

(b) 

  

(c) 

Fig.3: (a) NOx ,(b) Sox, and (c) AOD yearly median distribution map in Tehran

High: 0.000577761 

Low: 6.3066e-05 
High: 0.00057776 

Low: 6.3066e-05 

 

 

High: 0.000279173 

Low: 0 
High: 0.000279173 

Low: 0 

 

High: 285.25 

Low: 100 

High: 285.25 

Low: 100 



M. Z. Shahne et al. Numerical Methods in Civil Engineering, 9-2 (2024) 86-97 

 

92 

 

Figure 3 describes the distribution maps for AOD for these 

two considered periods. These distribution maps illustrate 

that Guilan, Khorasan-Razavi, and Tabriz have become 

more polluted since the pandemic, which is in direct 

association with the results obtained from Figure 2. Guilan 

and Khorasan-Razavi are the most tourist regions in Iran due 

to being adjacent to the Khazar sea and green/ moderate 

climate for Guilan, and centered on the vast Holy Shrine of 

Imam Reza (religious pilgrimage) for Khorasan-Razavi.  

According to the Figure 2 and Figure 4a&b. Guilan's 

pollutants trend before and during the pandemic has shown 

an apparent shift in NO2, SO2, and particle concentration 

values compared to other cities. Based on the on-site 

measurement, NO2, SO2, and refined PM concentrations in 

Guilan province varied from 22.38 ppb, 6.98 ppb, and 9.56 

µg/m3 in baseline period the COVID pandemic to 24.81 ppb, 

7.30 ppb, and 9.56 14.86 µg/m3 in during COVID pandemic 

(and before wide and public COVID-19 vaccine), 

respectively. Moreover, this result is consistent with the 

previous study that a significant increase of 2.7% was found 

in the mortality rate due to COVID-19 due to an increase of 

1 μg/m3 of NO2 [45]. Besides, in Figure 4a. it is shown that 

the upper line and lower limit of air pollution are not 

considerable for provinces smaller than Tehran. In contrast, 

the maximum and minimum of Tehran province are 

significant in comparison to others. The NO2 concentration 

has not changed dramatically but climbs in all provinces. 

This issue shows that COVID Quarantines could not reduce 

NO2 concentration. On the other hand, in Figure 4b. the SO2 

concentration in most provinces has increased in maximum 

concentration, but the minimum and median concentrations 

did not change in these provinces. With this evidence, it can 

be concluded that the SO2 condition has become worse than 

before.  

Table 1: SO2, NO2, and AOD column concentrations’ means and variances before and during the pandemic 

Provinces correlation factor Mean 1† Mean 2‡ Variances 1 Variance 2 

ratio of 

mean 

values 

(2/1) 

ratio of 

variance 

values 

(2/1) 

Air 

parameters 

Isfahan 0.4370 0.0001 0.0001 0.0000 0.0000 1.0402 1.0802 

SO2 

Tabriz 0.2650 0.0001 0.0001 0.0000 0.0000 1.1509 1.2493 

Khorasan-Razavi 0.5840 0.0001 0.0001 0.0000 0.0000 1.1439 1.0263 

Tehran 0.6466 0.0001 0.0001 0.0000 0.0000 1.0349 0.8580 

Khuzestan 0.7424 0.0002 0.0002 0.0000 0.0000 0.9526 0.9384 

Guilan 0.3122 0.0001 0.0001 0.0000 0.0000 1.0651 1.3627 

         

Isfahan 0.9867 0.0001 0.0001 0.0000 0.0000 0.9831 1.2666 

NO2 

Tabriz 0.9874 0.0001 0.0001 0.0000 0.0000 0.9471 1.0101 

Khorasan-Razavi 0.9921 0.0001 0.0001 0.0000 0.0000 0.9701 1.2382 

Tehran 0.9923 0.0002 0.0002 0.0000 0.0000 1.0184 1.0901 

Khuzestan 0.9820 0.0001 0.0001 0.0000 0.0000 0.9789 0.9034 

Guilan 0.9881 0.0001 0.0001 0.0000 0.0000 0.9858 1.4046 

         

Isfahan 0.8028 0.1768 0.1897 0.0208 0.0217 1.0729 1.0415 

AOD 

Tabriz 0.6267 0.1726 0.1681 0.0006 0.0005 0.9738 0.8661 

Khorasan-Razavi 0.3689 0.1552 0.1653 0.0058 0.0006 1.0654 0.1040 

Tehran 0.8397 0.1834 0.1933 0.0006 0.0008 1.0538 1.3507 

Khuzestan 0.7480 0.2122 0.2279 0.0029 0.0027 1.0739 0.9379 

Guilan 0.2198 0.1955 0.1995 0.0011 0.0013 1.0205 1.1512 

† 1 refers to before pandemic 

‡ 2 refers to after pandemic outbreak 
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3.2. Investigation of pollutants distribution in the base-

line period and after the pandemic 

The means and variances of air quality parameters in the 

considered provinces have been presented in Table 1 in 

study periods. This table shows that Guilan's mean and 

variance before and during the pandemic have altered 

considerably. Moreover, in the previous section, we have 

seen the different trends in satellite components in Guilan 

province. The monthly median of NO2 and SO2 column 

concentration for Guilan province in two periods was 

compared. This figure indicates that NO2 concentration in 

Guilan after the pandemic rose in all months, which seems 

to be the effect of more travel to this province during the 

pandemic due to the NO2 sources. However, in the case of 

Guilan's SO2 concentration, during the second half of the 

year, SO2 has varied considerably. The monthly RMSE of 

NOx, SOx, and AOD has been calculated, and their value 

was 2.5*10-5, 1.4*10-4, and 1.8*10-4, respectively. 

Table 2: The monthly and seasonal levels of the main signal of PM2.5 extracted by wavelet transform in study periods (µg/m3) 

 
Tabriz Isfahan Khuzestan Tehran Khorasan Razavi 

 
1† 2‡ 1 2 1 2 1 2 1 2 

October 19.68 19.87 26.97 31.68 37.14 35.91 25.81 26.49 36.24 27.75 

November 15.41 15.81 21.07 28.08 27.64 40.78 21.40 20.73 25.15 24.05 

December 11.02 14.13 23.95 21.52 21.41 27.25 13.33 17.95 23.77 17.10 

January 10.68 14.08 27.13 24.17 35.26 75.62 17.85 22.81 21.35 16.98 

February 10.89 13.11 29.82 23.82 40.84 62.59 23.69 26.63 25.31 19.76 

March 15.77 13.03 34.06 31.56 36.00 35.99 32.59 29.61 24.92 28.26 

April 13.47 13.25 27.46 31.23 31.31 41.62 27.42 25.43 37.45 25.86 

May 10.98 15.94 27.55 26.49 37.78 47.19 24.81 24.68 33.51 25.84 

June 18.20 17.85 33.07 31.76 44.92 45.86 30.02 29.44 63.51 35.75 

July 18.30 22.70 29.39 40.47 48.21 60.34 32.04 31.22 55.89 42.30 

August 19.46 26.50 38.49 49.18 42.47 37.56 38.53 38.78 49.13 38.74 

September 23.15 32.93 32.16 57.99 42.10 52.16 33.38 57.71 40.96 44.83 
           

Spring 15.30 16.50 24.06 27.07 28.63 34.69 20.16 21.76 28.41 22.86 

Summer 12.46 13.39 30.43 26.62 37.46 57.95 24.64 26.26 23.87 21.56 

Fall 14.21 15.65 29.41 29.87 38.10 44.98 27.42 26.56 44.61 29.15 

Winter 20.36 27.57 33.40 49.61 44.35 50.15 34.75 42.72 48.86 42.13 

† 1 refers to before pandemic 

‡ 2 refers to after pandemic outbreak 

 

3.3. Signal decomposition 

The wavelet transform was applied to the on-site 

measurement data sets of PM2.5 concentration before and 

during the COVID-19 pandemic. Figure 4 describes the 

main signals (a2) of the time series for 5 considered 

provinces. Moreover, the monthly and seasonal values of the 

main signals are presented in Table 2 and the standard 

deviation values of this data (noise) are available in 

Appendix, A2. The results show that there is a different 

pattern for two main signals, attributed to two continuous 

time periods. In the main signal, the PM2.5 concentration 

almost had higher levels during the COVID-19 outbreak in 

Tabriz and Khuzestan, by month-to-month comparison. 

Whereas, PM concentration in Khorasan Razavi has 

decreased dramatically in all seasons, during the lots of 

lockdowns in the middle of 2020, compared to the same 

period in Feb 2019 to Feb 2020 because of a reduction in 

transport and economic activity. This issue was more visible 

for seasonal concentration variation of PM in this province. 

The PM levels were decreased during the COVID pandemic 

in all months of 2021 except March and September due to 

lots of Iranian trips to this area during the holidays before 

the start of the academic year in September and during the 

Persian New Year holidays in March. 

In Isfehan and Tehran, there is no distinct trend by month-

to-month comparison. However, the concentration of 

particulate matter in the metropolitan areas of Iran is higher 

during the cold seasons of the year due to traffic, fossil fuel 

sources, and weather conditions [32].  Fine PM has been 

increased from February 2020 to February 2021, since there 

were early lockdowns in February 2020 and the restrictions 

were gradually loosened after July 2020 and starting wide 

and public COVID-19 vaccine
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(a) 

 

(b) 

Fig.4: a) NO2, b) SO2 values ranges before and during pandemic 

4. Conclusions 

The coronavirus disease (COVID-19) pandemic has 

affected more than 513 million people worldwide. Many 

studies have shown that air pollutants were significantly 

reduced with the spread of this pandemic and decreased 

human and industrial activities due to quarantines or 

lockdowns. In the present study, the column concentration 

of NO2 and SO2 (two available anthropogenic pollutants) 

and aerosol optical depth (AOD-represented the extinction 

of all particles) were examined by using satellite missions 

(Sentinel-5P and MODIS satellite) in two separate durations 

(before and during the COVID-19 pandemic) in six central 

provinces including Isfahan, Tabriz, Mashhad, Tehran, 

Ahvaz and Guilan in Iran. We utilized the GEE platform to 

efficiently analyze and visualize large volumes of data 
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derived from Sentinel and MODIS satellites, providing 

valuable insights into environmental trends and changes. 

Regarding the study on spatial and temporal pollutant 

variation, the ratios of before to during the COVID-19 

pandemic for medians of monthly median and variance of 

NO2, SO2, and AOD values were extracted for two entire 

years from the 22nd of February 2019 to the 22nd of 

February, 2021.  

The results indicate that the mean ratio of NO₂ remained 

relatively consistent across the considered provinces over 

the two-year period, with column concentration ratios 

ranging from +2% in Tehran to -6% in Tabriz. In contrast, 

the variance ratio between the two durations showed a more 

significant change, particularly in Gilan province, a popular 

tourist destination, even amidst travel restrictions and 

lockdowns in Iran. In Gilan, NO₂ and SO₂ concentrations 

increased during the pandemic, driven by heightened travel 

to the region. Additionally, the AOD distribution map and 

its trends revealed that Gilan, Khorasan-Razavi, and Tabriz 

experienced elevated pollution levels following the 

outbreak, likely due to shifts in tourism patterns and 

changes in emission sources. These findings offer valuable 

insights into air pollution dynamics during the COVID-19 

pandemic in Iran, providing a deeper understanding of 

social behaviors and the impact of dominant pollution 

sources in these areas. 
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Appendices 

A1. Demographic information on the selected area 

Province Tehran  Khuzestan Isfahan 
Khorasan-

Razavi  

East 

Azerbaijan  
Gilan  

Capital City Tehran Ahvaz Isfahan Mashhad Tabriz Rasht 

Population (million) 13.3 4.7 5.1 6.4 4 2.5 

Mean AOI (during the 

study period) 
100-150 

150-200, 

sometimes over 

300 

100-150 00-150 80-120 50-100 

 

 
A2. The monthly and seasonal values of standard deviation (noise) of PM2.5 levels, extracted by wavelet transform in study periods 

(µg/m3) 
 Tabriz Isfahan Khuzestan Tehran Khorasan Razavi 

 1* 2** 1 2 1 2 1 2 1 2 

October 6.02 8.26 8.95 10.95 15.85 10.51 9.62 7.86 13.46 8.35 

November 3.18 7.63 6.16 7.05 7.83 13.02 4.09 5.60 7.35 4.74 

December 2.96 4.72 6.85 4.13 4.91 8.18 3.38 3.27 6.31 7.14 

January 1.94 3.77 6.00 2.47 10.90 22.02 4.87 5.63 5.57 4.11 

February 2.42 3.37 14.25 3.69 9.32 31.18 4.95 3.81 6.45 5.54 

March 2.26 1.87 4.95 9.35 3.59 7.23 5.04 4.32 2.73 7.09 

April 2.64 4.77 4.63 4.63 6.61 17.18 4.06 3.63 15.54 5.80 

May 3.69 4.26 2.74 3.98 18.02 12.19 2.31 3.85 19.74 4.14 

June 2.65 4.75 11.16 5.11 8.72 11.24 4.38 8.91 22.02 8.08 

July 6.28 6.40 6.38 11.12 28.15 22.20 7.68 5.74 8.87 13.03 

August 6.57 9.10 10.18 15.05 7.20 9.51 12.03 10.54 10.93 13.11 

September 5.85 14.30 6.46 14.83 14.30 11.72 10.44 18.86 9.85 11.14 

           

Spring 5.51 7.10 7.75 8.83 12.31 12.03 8.17 6.79 11.01 8.13 

Summer 3.24 3.15 9.75 6.95 8.87 27.49 7.88 5.41 5.43 7.29 

Fall 4.25 4.98 7.61 5.18 13.40 13.91 4.28 6.34 23.13 7.82 

Winter 6.44 11.22 8.76 15.35 18.83 18.19 10.55 17.10 11.61 12.64 

 

 


