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Abstract 

Towards the end of 2019, a novel contagious virus (COVID-19) came out of Wuhan, China and 

turned into a disastrous pandemic. Many countries were locked down; completely or partially. The 

ongoing pandemic not only affected our economies and routine life, but also the environment. This 

study was aimed to compare the air quality of the Indian subcontinent prior to and during the 

COVID-19 pandemic. In this regard, air quality parameters (ozone, nitrogen dioxide, sulfur dioxide, 

carbon monoxide, PM2.5 and PM10) and meteorological parameters (wind speed and relative 

humidity) were analysed. The data was obtained from 229 monitoring stations in India and satellite-

based Aerosol Absorption Index (AAI) during the springs of 2019 and 2020. The result indicated a 

significant decline in the concentration mean, six air pollutants (i.e., PM2.5, PM10, NO2, SO2, O3 and 

CO) decreased by 36.27, 42.96, 44.62, 28.88, 18.35 and 20.51 %, respectively during April 2020 due 

to less to no industrial activities and vehicular emissions. The spatial variation of each parameter was 

simulated using the Inverse Distance Weighted (IDW) interpolation method. An Analytical 

Hierarchy Process (AHP) model was applied to generate the overall air quality severity zonation map 

of the country. The zonation map indicated that by adopting cleaner fuel and restriction on biomass 

burning in the rural and urban sectors can improve the ambient air quality. 
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Introduction 

A novel contagious coronavirus (COVID-19) was 

diagnosed in Wuhan city of China (Chen et al., 

2020) that spread around the globe in the form of a 

pandemic. According to the World Health 

Organization (WHO), COVID-19 rapidly spread 

among humans through respiratory globules in 

January 2020 (WHO, 2020). In late January 2020, 

the Chinese Government announced the situation as 

an epidemic, but subsequently the WHO declared  

 

 

 
a worldwide health emergency (Dutheil et al., 

2020). In February 2020, COVID-19 cases rose in 

Italy, Iran, United States, Spain, South Korea, 

Japan, and United Kingdom. By the end of March 

2020, more than half of the world practiced partial 

or full lockdown ( Tosepu et al., 2020; Briz-Redón 

et al., 2021). There were 11125245 confirmed cases 

of COVID-19 in June 2020, including 528204 

deaths as reported by the WHO (WHO, 2020). 
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Due to global lockdown, industrial, 

manufacturing, and transportation sectors were 

severely affected. Transportation was the top 

affected due to the disruption of road and air traffic 

in order to restrict the local as well as an 

international movement of people. Air traffic 

dropped by 96 %; thus, air quality increased due to 

less carbon emission to the atmosphere (Mostafa  

et al., 2021). 

Urbanization and industrialization is  

a blessing in disguise as on the one hand it is  

an indication of development while on the other 

hand it leads to various environmental issues and 

one of the major is air pollution. (Weng and Yang, 

2004; Somvanshi et al., 2019) PM10 are inhalable 

coarse particles with an aerodynamic diameter less 

than or equal to a nominal 10µm, while PM2.5 are 

particles with an aerodynamic diameter less than 

2.5µm In addition to suspended particulate matter 

(PM10 and  PM2.5), ozone (O3), oxides of nitrogen, 

carbon monoxide, and sulphur dioxide are major 

urban pollutants (Batterman et al., 2007; Wu et al., 

2011). The air pollutant concentration is governed 

by meteorological parameters such as temperature, 

wind speed and relative humidity and ability of the 

atmosphere to absorb or disperse the pollutants. 

The negative correlation of particulate matter with 

the relative humidity is well known. Even slow 

wind speed with lower mixing height also affects 

air pollutant concentration, respective of the 

monitoring station location (Zaharim et al., 2009; 

Dominick et al., 2012; Srivastava, 2021). The 

adverse effect of excessive air pollutants on the 

human health is well documented (Fann et al., 

2012; Cesaroni et al., 2014; Faustini et al., 2014; 

Raaschou-Nielsen et al., 2015; Greenberg et al., 

2016; Khaniabadi et al., 2017;He et al., 2020). 

According to WHO, on an average, 4.6 million 

people are dying per year due to poor air quality 

(Kaya and Kahraman, 2009). From 24 th March 

2020, the Indian government has practiced a severe 

lockdown over its 1.3 billion residents. 

Insignificant organizations were deactivated, 

processing plants were restricted, air traffic 

throughout the India and abroad were suspended, 

borders were closed, vehicular travel was stopped 

and individuals were advised to attempt social 

distancing to the best. Such restrictions may have 

long-term economic and behavioural harms under 

normal situations. However, such Lockdown is the 

prime non-pharmaceutical aid to break the chain of 

COVID-19 spreading (Long, 2020). 

Additionally, these lockdown practices saved 

many lives (Anderson et al., 2020; Gatto et al., 

2020; Gourinchas, 2020; Tobías, 2020). “Is the 

lockdown good or bad” is the question on the 

minds of millions. Thus, it is vital to study and 

understand the pre- and post-lockdown changes 

that can lead to the policy making; especially 

regarding the air quality. In this regard, data of the 

springs 2019 and 2020 were compared to conclude 

the effect of lockdown on the India air quality. This 

study was designed to contemplate, assess and 

analyse the air quality severity zonation map of the 

country integrating the variations in the amount of 

air pollutants, meteorological parameters and AAI 

using AHP process. 

Materials and Methods 

Ground station data 

 Central Pollution Control Board (CPCB) is 

managing various continuous ambient air-quality 

observing stations in association with local 

environmental protection agencies throughout 

India to secure encompassing air quality. They 

screen 19 air quality and 10 meteorological 

parameters on the ground. The information from 

these destinations incorporates mass 

concentrations and 24 hours mean concentrations 

(daily mean). For the present study, hourly 

measurements of all the selected air pollutants 

(PM2.5, PM10, NO2, SO2, Ozone, CO, and 

meteorological parameters governing pollutant 

concentration (wind speed (WS) and relative 

humidity (RH)) were collected from 229 sites 

(Figure 1). The obtained data primarily belongs to 

the official website of central control room for air 

quality management managed by central pollution 

control board (CPCB). The data spanned two 

periods: Period 1) 1st March - 30th April 2019; 

Period 2) 1st March - 30th April 2020. 

 

Figure 1. Continuous Ambient Air Quality 

Monitoring Stations of CPCB in India 
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Sentinel – 5P TROPOMI data 

The Aerosol Absorption Index (AAI) is a 

qualitative index demonstrating increased layers of 

aerosols with significant absorption (Aerosol Index 

- Level-2 Processing - Sentinel-5P Technical Guide 

- Sentinel Online). The aerosol layer in atmosphere 

primarily consists of airborne matter such as desert 

dust, biomass burning and volcanic debris tufts.  

The advantage of AAI is that it can estimate 

concentration of aerosol over the satellite image 

with clear sky or having cloud cover. 

 The TROPOMI aerosol index retrieves AAI 

for two sets of wavelengths in the spectral band 

three: 340/380 nm; the pair of wavelengths utilized 

by most instruments retrieving AAI. AAI data of the 

entire country was collected from sentinel official 

website (Sentinel-5P Pre-Operations Data Hub) for 

the time periods stated in the previous section. 

 

Spatial Analysis 

Spatial analysis is generally carried out to 

understand topology, geometry and geography of a 

location. One of the explanatory methods of spatial 

analysis in Geo-statistics is spatial interpolation. It 

analyses the spatial patterns and computes the 

estimations of a continuous variable distributed in 

time at un-sampled areas or space. Inverse Distance 

Weighted (IDW) is one of such techniques, which 

presumes that close moieties are more effective than 

progressively far off isolated ones (Sathe et al., 

2021). To anticipate a value for any unmeasured 

territory, IDW utilizes the measured values 

encompassing the forecast area. It gives more 

prominent weights to points closest toward the 

forecast zone, and the weights diminish as a function 

of separation) (Sree Dhevi, 2015). IDW was applied 

to determine spatial pattern and distribution of all 

the nine parameters over the entire country. 

 

Analytical Hierarchy Process (AHP) 

 AHP is a strategy that provides weights to 

various criteria. AHP was implemented on the IDW 

interpolated maps. AHP is required to reveal the 

severity of air quality before and during lockdown. 

Also, it generates the overall air quality severity 

zone maps for both the time period. In the present 

study, weights were provided to all the nine criteria 

(PM2.5, PM10, NO2, O3, SO2, CO, WS, RH and AAI) 

using Easy AHP module of QGIS 2.18. AHP is a 

productive technique that connects quantitative and 

qualitative parameters through the user’s 

assessment and is able to assess the errors in 

decisions with precise outcomes (Somvanshi et al., 

2020). The advantage of AHP lies on the formation 

of a chain of ‘pairwise comparison’ matrices that 

compare all the criteria and provide weights, which 

express the significance of the criteria in 

contributing to the overall objective. This technique 

was implemented in three prominent steps:  

(a) generation of pairwise comparison matrix;  

(b) computation of criterion weights; and  

(c) estimation of consistency ratio. The AHP 

procedure is presented in Figure 2. 

 Pairwise comparison matrix comprises 

designated weights of criteria and alternatives on a 

nine point ordinal scale by virtue (Table 1) of 

pairwise comparison amongst them (Saaty, 1977). 

The nine criteria were compared pairwise while 

weights were allocated with every one of the criteria 

on a scale (1-9) depending on their comparative 

significance with respect to each other in causing a 

prominent effect on the ambient air. 

 The estimated factor weights can be subjective 

once in a while; henceforth to evade such a case, the 

consistency of the comparison matrix is indicated 

through consistency ratio (CR), which is expressed 

as the proportion of consistency index (CI) and 

random index (RI). 

 RI was created by Saaty (1980) by considering 

numerous arbitrary examples. It is the index of a 

randomly created pairwise comparison matrix. CI is 

expressed in equation. 1. 

Table 1. Definition of Numerical Scales for Pair-

Wise Comparison (T.L. Saaty, 1977) 

Scale Degree of 

preference 

Remarks 

1 Equally Factors inherit equal 
contribution 

3 Moderately One factor moderately 

favored over other 
5 Strongly Judgement strongly favor 

one over other 

7 Very 
strongly 

One factor very strongly 
favored over other 

9 Extremely One factor favored over 

other in highest 
2, 4, 6, 8 Intermediate Compensation between 

weights 1,3,5,7 and 9 

Reciprocals Opposite Refers inverse comparison 

 

Figure 2. AHP Process 



  

030103-4 COVID-19 impact on Air Quality 

 

𝐶𝐼 = 𝜆𝑚𝑎𝑥 −
𝑛
𝑛 − 1⁄      (1) 

 

 where, λmax is the highest eigenvalue of the 

matrix while n is the number of factors (here, n = 9). 

 According to Saaty, a CR value < 0.1 may 

provide inconsistent dependable while CR = 0 

means a consistent judgment that is free of error. 

The pairwise comparison matrix was further used to 

calculate weighted linear combination (T. Saaty, 

1980; Ramanathan, 2001; Saaty Thomas and 

Thomas, 2006). 

 Interpolated maps (PM2.5, PM10, NO2, Ozone, 

SO2, CO, WS, RH, and AAI) were integrated into 

ARCGIS 10.5 to distinguish and map the air quality 

severity zones with respect to pollutant’s 

concentration. The weights determined using AHP 

were allocated to every criterion. Attributes were 

scored from 1 to 5 (1: best air quality, 5: poor air 

quality). 

Results and Discussions 

Air quality and meteorological parameters studied 

in India were Temporally analysed (Table 2). 

Overall average concentration of all air 

pollutants sharply declined in both March and April 

of 2020 as compared to the previous year. The data 

were interpolated to understand the spatial 

distribution of pollutant and meteorological 

parameters. The comparison of data belongs to 2019 

and 2020 showed that main pollutants (PM2.5, PM10, 

NO2, SO2, O3 and CO) reduced in the air after 

lockdown. On the other hand, meteorological 

parameters and AAI irregularly changed. 

Due to the largest global lockdown, most of the 

processing plants, markets, and places of worship 

are currently closed. Public transport is suspended 

and construction is halted. The Government of India 

has requested its residents to stay at home and 

practice social distancing. The fundamental urban 

communities are witnessing huge dip in the 

concentration of harmful microscopic particulate 

matter known as PM2.5. PM2.5 poses high health 

risks as it can hold up profoundly into the respiratory 

system and can reach to different organs via the 

circulation system. The spatial map also depicts that 

in Delhi, the capital of India, and some of the cities 

of Uttar Pradesh, the mean of PM2.5 concentration 

plunged after the lockdown began (Figure 3(a)). 

Recently, Wang et al. (2020) have analyses PM2.5 

data in Beijing, Shanghai, Guangzhou, and Wuhan 

cities during COVID-19 and found a pronounced 

reduction in the atmospheric pollution that can be 

attributed to the reduction of transport and industrial 

emissions. The PM10 concentration dropped by 

36.27 % during the nationwide curfew in April 2020 

(Figure 3(b)). In cities like Delhi and Mumbai, a 

decline of 35 and 14 % was observed as compared 

to March 2019. Similar changes were also observed 

in Beijing and Shanghai cities of China (Chauhan 

and Singh, 2020) 

Suspended street residue and construction-

based dust are the main PM10 imitators. With 

constrained traffic, street dust is reduced. Overall 

PM10 dropped down to the least; monthly mean of 

68.94 μg/m3 in April 2020. However, dust storms 

originating from the western region in April 2019 

rapidly raised the monthly mean concentration to 

123.21 μg/m3. Similar western dust storm was also 

observed in March 2020. 

CO has the longest tropospheric lifetime of 

roughly two months, due to which, it does not vary 

swiftly. Despite the fact that there is a general 

decline in CO concentration across the country, it is 

still insignificant (Figure 3(c)). 

Less traffic and power plant operations also 

decreased the release of nitrogen oxides (NOx) to 

the atmosphere (Falocchi et al., 2021). During the 

months of March and April, the mean NO2 level 

declined in various regions of India like Mumbai, 

Pune, Chennai, Kolkata, Bengaluru and 

Ahmedabad, compared to the same month in 2019. 

The high NO2 concentration was observed over 

north-eastern part of India in 2019 that can be 

directly linked to the locations of ongoing coal-

based power plants (Figure 3(d)). 

The sulphur dioxide (SO2) is the main 

contaminant that consistently complied with the 

national standards. In most of the significant Indian 

urban communities, there is no perceivable 

distinction between its concentration during the 

lockdown. The chief sources of SO2 emissions are 

diesel and coal. Many of the cities as per 

Government orders, already have access to BS-6 

fuel; having least sulphur content. There are other 

aspects in lined with the reduced vehicular 

movement like shutdown of industries and power 

plants. As per the interpolated maps of March – 

April 2019, SO2 concentration was a bit high 

(monthly mean: 14.54 and 13.85 μg/m3, 

respectively) as certain power plants industries were 

on production. The stated values comparatively 

reduced (monthly mean: 9.85 μg/m3) after lockdown 

with in the month of April 2020. Overall, there was 

a decline in the SO2 concentration by 28.88 % 

nationwide. The SO2 concentration always remains 

within the permissible limits throughout the year 

nationwide (Figure 3(e)). 

Ozone (O3) is the only secondary pollutant on 

this list of air contaminants. Ozone is framed and 

destroyed within the sight of nitrogen oxides (NOx) 

and volatile organic compounds (VOCs). The 
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growth of O3 is usual during spring and summer 

owing to higher solar radiation (in terms of intensity 

and daily duration), which promotes the photolysis 

of NO2 (Escudero et al., 2019). 

The monthly mean of O3 concentration in the 

months of March and April 2019 was 41.59 and 

43.47 μg/m3, respectively. Whereas during the 

lockdown, it has reduced considerably to 34.87 and 

35.49 μg/m3 for the months of March and April 

2020, respectively; still a minor change that may be 

attributed to the chemistry associated with the 

tropospheric ozone. NOx consists of NO and NO2. 

NO destroys ozone while NO2 accelerates its 

formation. Transportation is one of the major 

sources of the NOx emission in the country. 

Lockdown limited NO and NO2 production, which 

on one hand reduced ozone formation due to the 

decline in the  NO2 concentration, while on the other 

hand saved ozone from destruction. Therefore, 

change in ozone amount in the atmosphere was 

insignificant throughout the country during the 

lockdown period (Figure 3(f)). 

Table 2. The mean change of nine criteria in each year of the study area month-wise 

Month/Year 
PM2.5 

(μg/m3) 

PM10 

(μg/m3) 

NO2 

(μg/m3) 

SO2 

(μg/m3) 

O3 

(μg/m3) 

CO 

(mg/m3) 

WS 

(m/s) 

RH 

(%) 
AAI 

March 2019 57.53 123.21 28.77 14.54 41.59 0.86 1.62 48.93 -0.70 

March 2020 38.91 85.59 21.61 12.95 34.87 0.73 1.41 55.72 -1.24  

April 2019 50.92 120.87 26.58 13.85 43.47 0.78 1.45 44.12 -0.55 

April 2020 32.45 68.94 14.72 9.85 35.49 0.62 1.57 45.75 -0.88 

 

   

(a) (b) (c) 

   

(d) (e) (f) 

 

(g) 

Figure 3. Spatial Distribution of Air Pollutants and Parameters (a) PM2.5 (b) PM10 (c) CO (d) NO2 (e) SO2 

(f) Ozone (g) Wind Speed 
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There were less variations in the wind speed 

and relative humidity over the country during the 

lockdown (Figure 4), whereas Indian meteorologists 

were suggesting a notable impact on the weather 

after the nationwide lockdown. The meteorological 

aspect is essential in the sense that weather have a 

massive influence on air quality ( Demuzere et al., 

2009; Jhun et al., 2015; Baklanov et al., 2016; Borge 

et al., 2019; Zhao et al., 2019). The drop in pollution 

concentration may have an effect on temperatures, 

particularly nocturnal, and bought intense pre-

monsoon showers in the month of April 2020. 

Aerosols derived from vehicles and processing 

plants enormously add to the air contamination. 

Aerosols are one of the main contaminants 

throughout the country’s air, particularly in urban 

regions. Smaller aerosols released through 

anthropogenic activities can be more damaging to 

human health as compared to the natural larger ones 

originated from dust storms or forest fires. Decrease 

of aerosols in the air during March 2020 might be a 

little silver coating in the midst of this worldwide 

pandemic; whether the impact is permanent or 

temporary (Figure 4(b)). Weather and winds have a 

serious impact on the aerosol concentration in the 

lower atmosphere. So, it is difficult to say how much 

of what, that is observed, comes from anthropogenic 

activities and how much is related to the lockdown. 

Air Quality Maps using Analytical Hierarchy 

Process (AHP) 

The air quality severity zonation map was 

prepared considering different parameters. Each 

parameter considered for air quality assessment in 

this study has its variations within it in expressing 

the severity that needs to be given specific ratings. 

The weighted sum overlay approach built into Arc 

Map Spatial Analyst is adapted for integration of 

input data layers where the data layers are multiplied 

by their corresponding weights obtained from 

Saaty’s pair-wise comparison matrix, and the same 

were summed up together to achieve the air quality 

severity zonation map. 

Thus, the final output of the analysis comes out 

in the form of air quality severity zonation map 

showing six zones with zones one to six indicating 

the good, satisfactory, moderate, poor, very poor 

and severe zones respectively. 

Considering the factors accelerating air 

pollution severity pairwise comparison was 

performed. The pairwise comparison matrix is 

presented in Table 3 and 4. The diagonal value in 

the table indicates comparison between the criteria 

of equal importance while off diagonal values show 

the importance of one criterion over the other. Using 

this method, all possible ways of comparing the 

criteria was done and CR was estimated. The value 

of CR specifies the level of consistency in the 

pairwise comparisons. CR less than 0.10, indicates 

a reasonable level of consistency.  The Consistency 

ratio obtained for 2019 and 2020 was 0.075 and 

0.083 respectively. 

Once the CR was estimated the weights for 

each parameter were assigned (Table 5). The highest 

weights for the years 2019 and 2020 were assigned 

to PM10 (0.205) and PM2.5 (0.212), respectively 

where the least weights were assigned to WS (0.058) 

and CO (0.05). The Air quality severity zonation 

maps, showing comparative changes in overall air 

quality of the country in April 2019 and 2020, 

respectively, were generated by overlaying different 

interpolated maps (PM2.5, PM10, NO2, O3, SO2, CO, 

WS, RH and AAI) using GIS integration. 

 

(a) 

 

(b) 

Figure 4. Spatial Distribution (a) Relative 

Humidity (b) Aerosol Absorption Index 

 

Figure 5. Air Quality Severity Zonation Maps for 

the year 2019 and 2020 
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Comparison of the air quality severity zonation 

maps (Figure 5) for 2019 and 2020 (March - April) 

concludes that most of the northern part of the 

country has less severe and poor air quality in year 

2019. Whereas, this severity can be hardly seen 

nationwide in 2020 (March - April) due to 

lockdown. Reduction in air pollution concentration 

resulted in smoother and good quality air. The 

results shown here anticipate what the air quality in 

cities would look like if the world switched to  

a low-carbon economy, leading also to climate  

co-benefits. They can be used as a foundation to 

develop more stringent regulations to decrease the 

exposure of the urban population to air pollutants as 

reported earlier (Krecl et al., 2020) 

Conclusions 

The current Covid-19 pandemic-initiated scenario is 

evidence of the fact that highly dense urban areas 

and non-toxic air quality can be achieved quite 

swiftly if strict and firm steps are taken to lower the 

burning of fossil fuels. COVID-19 pandemic has 

posed a genuine risk to many businesses, 

government organizations, and especially to human 

health. However, it has also brought to our 

consensus that the environment has restoration 

ability. Due to the travel restrictions and less 

industrial activity during this pandemic, on mean, 

six air pollutants (i.e., PM2.5, PM10, NO2, SO2, O3 

and CO) decreased by 36.27, 42.96, 44.62, 28.88, 

18.35 and 20.51 %, respectively during April 2020. 

The air become cleaner on the price of human 

sufferings and deaths and has taught us a lesson to 

protect our future. Control on emission of the certain 

key anthropogenic pollutants and use of cleaner fuel 

may improve the ambient air quality. Both 

government and civilians must gain insights from 

this lockdown and make policies and strategies to 

reduce carbon monoxide, NOx and SOx emissions. 

Table 3. Pair wise Comparison Matrix for April 2019 

 RH CO O3 NO2 AAI PM10 SO2 WD PM2.5 

RH 1 0.556 0.588 0.688 0.526 0.667 0.388 0.667 0.435 

CO 1.8 1 0.625 0.286 0.947 0.5 0.323 0.37 0.332 

O3 1.7 1.6 1 5 1.042 0.556 0.498 0.303 0.45 

NO2 1.453 3.5 0.2 1 0.556 0.689 0.556 0.5 0.5 

AAI 1.9 1.056 0.96 1.8 1 0.323 0.435 0.323 0.286 

PM10 1.5 2 1.8 1.452 3.1 1 1 0.625 0.5 

SO2 2.58 3.1 2.01 1.8 2.3 1.6 1 0.332 0.506 

WD 1.5 2.7 3.3 2 3.1 1.6 3.012 1 1.667 

PM2.5 2.3 3.01 2.22 2 3.5 2 1.978 0.6 1 

 

Table 4. Pair wise Comparison Matrix for April 2020 

 PM10 PM2.5 NO2 O3 WD CO RH AAI SO2 

PM10 1 0.667 0.417 1.038 0.333 0.714 0.549 0.25 0.304 

PM2.5 1.5 1 0.909 0.2 0.947 0.331 0.323 0.288 0.332 

NO2 2.4 1.1 1 1.25 1.042 0.556 0.498 0.2 0.417 

O3 0.963 5.01 0. 1 1.053 0.689 0.556 0.801 0.375 

WD 3 1.056 0.96 0.95 1 0.263 0.476 1 0.328 

CO 1.4 3.025 1.8 1.452 3.8 1 0.33 0.5 0.658 

RH 1.821 3.1 2.01 1.8 2.1 3.03 1 0.238 0.503 

AAI 4 3.47 5 1.249 1 2 4.2 1 1.111 

SO2 3.291 3.01 2.4 2.67 3.05 1.52 1.987 0.9 1 

 

Table 5. Pair wise Comparison Matrix for April 2020 

S.No. Index Name 
Weights 

April 2019 April 2020 

1 PM2.5 0.07 0.212 

2 PM10 0.205 0.135 

4 NO2 0.133 0.083 

5 SO2 0.175 0.072 

6 O3 0.101 0.094 

7 CO 0.115 0.05 

9 WS 0.058 0.051 

10 RH 0.061 0.12 

12 AAI 0.081 0.181 

 



  

030103-8 COVID-19 impact on Air Quality 

References 

Aerosol Index - Level-2 Processing - Sentinel-5P Technical 
Guide - Sentinel Online. (n.d.). Retrieved November 28, 

2020, from https://sentinel.esa.int/web/sentinel/technical-

guides/sentinel-5p/level-2/aerosol-index. 
Anderson, R.M., Heesterbeek, H., Klinkenberg, D., and 

Hollingsworth, T.D. (2020). How will country-based 

mitigation measures influence the course of the COVID-
19 epidemic? In The Lancet., 395(10228):931-934. Lancet 

Publishing Group. https://doi.org/10.1016/S0140-

6736(20)30567-5 
Baklanov, A., Molina, L.T., and Gauss, M. (2016). Megacities, 

air quality and climate. Atmospheric Environment., 

126:235-249. 
https://doi.org/10.1016/j.atmosenv.2015.11.059 

Batterman, S., Jia, C., and Hatzivasilis, G. (2007). Migration of 

volatile organic compounds from attached garages to 

residences: A major exposure source. Environmental 

Research., 104(2):224-240. 

https://doi.org/10.1016/j.envres.2007.01.008 
Borge, R., Requia, W.J., Yagüe, C., Jhun, I., and Koutrakis, P. 

(2019). Impact of weather changes on air quality and 

related mortality in Spain over a 25 year period [1993-
2017]. Environment International., 133:105272. 

https://doi.org/10.1016/j.envint.2019.105272 

Briz-Redón, Á., Belenguer-Sapiña, C., and Serrano-Aroca, Á. 
(2021). Changes in air pollution during COVID-19 

lockdown in Spain: A multi-city study. Journal of 

Environmental Sciences., 101:16-26. 
https://doi.org/10.1016/J.JES.2020.07.029 

Chauhan, A., and Singh, R.P. (2020). Decline in PM2.5 

concentrations over major cities around the world 
associated with COVID-19. Environmental Research., 

187:109634. 

https://doi.org/10.1016/j.envres.2020.109634 
Chen, H., Guo, J., Wang, C., Luo, F., Yu, X., Zhang, W., Li, J., 

Zhao, D., Xu, D., Gong, Q., Liao, J., Yang, H., Hou, W., 
and Zhang, Y. (2020). Clinical characteristics and 

intrauterine vertical transmission potential of COVID-19 

infection in nine pregnant women: a retrospective review 
of medical records. The Lancet., 395(10226):809-815. 

https://doi.org/10.1016/S0140-6736(20)30360-3 

Demuzere, M., Trigo, R.M., Vila-Guerau de Arellano, J., and van 
Lipzig, N.P.M. (2009). The impact of weather and 

atmospheric circulation on O 3 and PM 10 levels at a rural 

mid-latitude site. Atmospheric Chemistry and Physics., 
9(8):2,695-2,714. https://doi.org/10.5194/acp-9-2695-

2009 

Dominick, D., Latif, M.T., Juahir, H., Aris, A.Z., and Zain, S.M. 
(2012). An assessment of influence of meteorological 

factors on PM10 and NO2 at selected stations in Malaysia. 

Sustainable Environment Research., 22(5):305-315. 
Dutheil, F., Baker, J.S., and Navel,V. (2020). COVID-19 as a 

factor influencing air pollution? In Environmental 

Pollution (Vol. 263). Elsevier Ltd. 
https://doi.org/10.1016/j.envpol.2020.114466 

Escudero, M., Segers, A., Kranenburg, R., Querol, X., Alastuey, 

A., Borge, R., De La Paz, D., Gangoiti, G., and Schaap, M. 

(2019). Analysis of summer O 3 in the Madrid air basin 

with the LOTOS-EUROS chemical transport model. 

Atmos. Chem. Phys., 19:14,211-14,232. 
https://doi.org/10.5194/acp-19-14211-2019 

Falocchi, M., Zardi, D., and Giovannini, L. (2021). 

Meteorological normalization of NO2 concentrations in 
the Province of Bolzano (Italian Alps). Atmospheric 

Environment., 246:118048. 

https://doi.org/10.1016/J.ATMOSENV.2020.118048 
Fann, N., Lamson, A.D., Anenberg, S.C., Wesson, K., Risley, D., 

and Hubbell, B.J. (2012). Estimating the National Public 

Health Burden Associated with Exposure to Ambient PM 
2.5 and Ozone. Risk Analysis., 32(1):81-95. 

https://doi.org/10.1111/j.1539-6924.2011.01630.x 

Faustini, A., Rapp, R., and Forastiere, F. (2014). Nitrogen 
dioxide and mortality: Review and meta-analysis of long-

term studies. In European Respiratory Journal., 44(3):744-

753. European Respiratory Society. 
https://doi.org/10.1183/09031936.00114713 

Gatto, M., Bertuzzo, E., Mari, L., Miccoli, S., Carraro, L., 

Casagrandi, R., and Rinaldo, A. (2020). Spread and 
dynamics of the COVID-19 epidemic in Italy: Effects of 

emergency containment measures. Proceedings of the 

National Academy of Sciences of the United States of 
America., 117(19):10,484-10,491. 

https://doi.org/10.1073/pnas.2004978117 

Giulia, Cesaroni., Francesco, Forastiere., Massimo, Stafoggia., 
Zorana, J. Andersen., Chiara, Badaloni., Rob, Beelen., 

Barbara, Caracciolo., Ulf, de Faire., Raimund, Erbel., 

Kirsten, T. Eriksen., Laura, Fratiglioni., Claudia, Galassi., 

Regina, Hampel., Margit, Heier., Frauke, Hennig., and 

Annette, Peters. (2014). Long term exposure to ambient air 

pollution and incidence of acute coronary events: 
Prospective cohort study and meta-analysis in 11 european 

cohorts from the escape project. BMJ (Online), 348. 

https://doi.org/10.1136/bmj.f7412 
Gourinchas, P. (2020). Flattening the Pandemic and Recession 

Curves. Mitigating the COVID Economic Crisis: Act Fast 

and Do Whatever. 31. 
Greenberg, N., Carel, R.S., Derazne, E., Bibi, H., Shpriz, M., 

Tzur, D., and Portnov, B.A. (2016). Different effects of 

long-term exposures to SO2 and NO2 air pollutants on 
asthma severity in young adults. Journal of Toxicology 

and Environmental Health - Part A: Current Issues., 

79(8):342-351. 
https://doi.org/10.1080/15287394.2016.1153548 

He, L., Zhang, S., Hu, J., Li, Z., Zheng, X., Cao, Y., Xu, G., Yan, 

M., and Wu, Y. (2020). On-road emission measurements 
of reactive nitrogen compounds from heavy-duty diesel 

trucks in China. Environmental Pollution, 262. 
https://doi.org/10.1016/j.envpol.2020.114280 

Jhun, I., Coull, B. A., Schwartz, J., Hubbell, B., and Koutrakis, 

P. (2015). To cite this article: Iny Jhun et al. Environ. Res. 
Lett., 10:84009. https://doi.org/10.1088/1748-

9326/10/8/084009 

Kaya, I., and Kahraman, C. (2011). A new tool for risk 
assessment of air pollution: Fuzzy process capability 

indices. Human and Ecological Risk Assessment., 

17(3):613-630. 
https://doi.org/10.1080/10807039.2011.571090 

Khaniabadi, Y.O., Goudarzi, G., Daryanoosh, S.M., Borgini, A., 

Tittarelli, A., and De Marco, A. (2017). Exposure to PM10, 
NO2, and O3 and impacts on human health. Environmental 

Science and Pollution Research., 24(3):2781-2789. 

https://doi.org/10.1007/s11356-016-8038-6 
Krecl, P., Targino, A.C., Oukawa, G.Y., and Cassino Junior, R.P. 

(2020). Drop in urban air pollution from COVID-19 

pandemic: Policy implications for the megacity of São 
Paulo. In Environmental Pollution., 265:114883. 

https://doi.org/10.1016/j.envpol.2020.114883 

Long, N. (2020). From social distancing to social containment: 

reimagining sociality for the coronavirus pandemic. 

Medicine Anthropology Theory. 

http://eprints.lse.ac.uk/103801/https://eprints.lse.ac.uk/Re
use 

Mostafa, M.K., Gamal, G., and Wafiq, A. (2021). The impact of 

COVID 19 on air pollution levels and other environmental 
indicators - A case study of Egypt. Journal of 

Environmental Management., 277:111496. 

https://doi.org/10.1016/j.jenvman.2020.111496 



 

 

030103-9 Suranaree J. Sci. Technol. Vol. 30 No. 2; March - April 2023 

Organization, W.H. (2020). Coronavirus disease 2019 (COVID-
19) Situation Report-72 HIGHLIGHTS. 

www.who.int/epi-win. 

Raaschou-Nielsen, O., Andersen, Z.J., and Beelen, R. (2015). 
Supplement to Air pollution and lung cancer incidence in 

17 European cohorts: prospective analyses from the 

European Study of Cohorts for Air Pollution Effects 
(ESCAPE). The Lancet Diabetes and Endocrinology., 

3(18):925-927. 

https://www.sciencedirect.com/science/article/pii/S14702
04513702791 

Ramanathan, R. (2001). A note on the use of the analytic 

hierarchy process for environmental impact assessment. 
Journal of Environmental Management., 63(1):27-35. 

https://doi.org/10.1006/JEMA.2001.0455 

Saaty, Thomas L., and Thomas, L. (2006). Fundamentals of 
Decision Making and Priority Theory. Pittsburgh, PA: 

RWS Publications, 21. 

https://books.google.com/books?hl=enandlr=andid=wct1

0TlbbIUC&oi=fnd&pg=PT1&dq=25.+Saaty+T.L.+(2000

),+Fundamentals+of+decision+making+and+priority+the

ory+with+the+Analytic+Hierarchy+Process,+RWS+Publ
ications,+Pittsburg.&ots=_C8uSYWHEa&sig=r1O1mDF

-bOElb1mBNt0r3 

Saaty, T. (1977). A scaling method for priorities in hierarchical 
structures. A Scaling Method for Priorities in Hierarchical 

Structures Saaty T Journal of Mathematical Psychology., 

15(3):234-281. 
https://www.sciencedirect.com/science/article/pii/002224

9677900335 

Saaty, T. (1980). The Analytic Hierarchy Process. McGraw-Hill, 
New York. 

http://www.dii.unisi.it/~mocenni/Note_AHP.pdf 

Saaty, T.L. (1977). A scaling method for priorities in hierarchical 
structures. Journal of Mathematical Psychology., 

15(3):234-281. https://doi.org/10.1016/0022-

2496(77)90033-5 
Sathe, Y., Gupta, P., Bawase, M., Lamsal, L., Patadia, F., and 

Thipse, S. (2021). Surface and satellite observations of air 
pollution in India during COVID-19 lockdown: 

Implication to air quality. Sustainable Cities and Society., 

66:102688. https://doi.org/10.1016/J.SCS.2020.102688 
Sentinel-5P Pre-Operations Data Hub. (n.d.). Retrieved August 

1, 2020, from https://s5phub.copernicus.eu/dhus/#/home 

Somvanshi, S. Shivangi., Kunwar, Phool., Vries, Walter Timo 
De., Maya, K., and Syed, Z. (2020). Unveiling Spatial 

Variation in Salt Affected Soil of Gautam Buddha Nagar 

District Based on Remote Sensing Indicators. Journal of 
Landscape Ecology., 13(1):61-84. 

Somvanshi, S.S., Vashisht, A., Chandra, U., and Kaushik, G. 

(2019). Delhi Air Pollution Modeling Using Remote 
Sensing Technique. In Handbook of Environmental 

Materials Management., pp. 1-27. Springer International 

Publishing. https://doi.org/10.1007/978-3-319-58538-
3_174-1 

 

 
 

 

 

 

 

 
 

 

 
 

 

 
 

Sree Dhevi, A.T. (2015). Imputing missing values using Inverse 
Distance Weighted Interpolation for time series data. 6th 

International Conference on Advanced Computing, 

ICoAC 2014, 255-259. 
https://doi.org/10.1109/ICoAC.2014.7229721 

Srivastava, A. (2021). COVID-19 and air pollution and 

meteorology-an intricate relationship: A review. 
Chemosphere., 263:128297. 

https://doi.org/10.1016/J.CHEMOSPHERE.2020.128297 

Tobías, A. (2020). Evaluation of the lockdowns for the SARS-
CoV-2 epidemic in Italy and Spain after one month follow 

up. Science of the Total Environment., 725. 

https://doi.org/10.1016/j.scitotenv.2020.138539 
Tosepu, R., Gunawan, J., Effendy, D.S., Ahmad, L.O.A.I., 

Lestari, H., Bahar, H., and Asfian, P. (2020). Correlation 

between weather and Covid-19 pandemic in Jakarta, 
Indonesia. Science of the Total Environment., 725. 

https://doi.org/10.1016/j.scitotenv.2020.138436 

Wang, P., Qiao, X., and Zhang, H. (2020). Modeling PM2.5 and 

O3 with aerosol feedbacks using WRF/Chem over the 

Sichuan Basin, southwestern China. Chemosphere., 254, 

126735. 
https://doi.org/10.1016/j.chemosphere.2020.126735 

Weng, Q., and Yang, S. (2004). Managing the adverse thermal 

effects of urban development in a densely populated 
Chinese city. Journal of Environmental Management., 

70(2):145-156. 

https://doi.org/10.1016/j.jenvman.2003.11.006 
World Health Organisation. (2020). Coronavirus disease 2019 

(COVID-19) Situation Report-72 HIGHLIGHTS. 

www.who.int/epi-win. 
Wu, J., Wilhelm, M., Chung, J., and Ritz, B. (2011). Comparing 

exposure assessment methods for traffic-related air 

pollution in an adverse pregnancy outcome study. 
Environmental Research., 111(5):685-692. 

https://doi.org/10.1016/j.envres.2011.03.008 

Zaharim, A., Shaharuddin, M., Nor, M.J.M., Karim, O.A., and 
Sopian, K. (2009). Relationships between airborne 

particulate matter and meteorological variables using non-
decimated wavelet transform. European Journal of 

Scientific Research., 27(2):308-312. 

Zhao, S., Feng, T., Tie, X., Dai, W., Zhou, J., Long, X., Li, G., 
and Cao, J. (2019). Short-Term Weather Patterns 

Modulate Air Quality in Eastern China During 2015-2016 

Winter. Journal of Geophysical Research: Atmospheres., 
124(2):986-1,002. https://doi.org/10.1029/2018JD029409 


