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Abstract: High concentrations of tropospheric ozone (Os) is a serious concern in India. The genera-
tion and atmospheric dynamics of this trace gas depend on the availability of its precursors and
meteorological variables. Like other parts of the world, the COVID-19 imposed lockdown and re-
strictions on major anthropogenic activities executed a positive impact on the ambient air quality
with reduced primary pollutants/precursors load. In spite of this, several reports pointed towards a
higher O3 in major Indian cities during the lockdown. The present study designed with 30
pan-Indian mega-, class I-, and class II-cities revealed critical and contrasting aspects of the geo-
graphical location, source, precursor, and meteorological variable dependency of the spatial and
temporal Os formation. This unexpected Os increase in the major cities might forecast the probable
future risks for the National Air Quality policies, especially Oz pollution management, in the In-
dian sub-continent. The results also pointed towards the severity of the north Indian air quality,
followed by the western and eastern parts. We believe these results will definitely pave the way for
researchers and policy-makers for predicting/framing regional and/or national O3 management
strategies in the future.

Keywords: COVID-19 lockdown; Indian cities; ozone precursors; meteorology; ozone pollution;
future risks

1. Introduction

In the last few decades, the trace gas ozone (Os) has emerged as one of the major air
pollutants worldwide with its potent impacts on atmospheric chemistry, climate change,
human health, and global food security [1-4]. In the troposphere, the Os is formed by
photochemical reactions through the oxidation of its precursor molecules in alliance with
the meteorological variables. In addition to that, a fraction of Os present in the strato-
sphere is also transported to the troposphere [5]. While correlating the impact of in-
creasing surface Os with global crop production, Giles [6] projected a few major Os
“hotspots” between the years 2000 and 2100, which include India and China as two sig-
nificant zones. India is a diversified country with its geographical distributions, such as a
large coastline of 7517 km surrounded by the Indian ocean in the east, west, and south,
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and the Himalayan mountain ranges in the north and the Western Ghats in the south,
and a heterogeneous population of 1.39 billion with multi-economical and -ethnical sta-
tus [7]. These diversities result in nationwide varied climate zones, energy consumption
profiles, pollutant synthesis, distribution patterns, etc. [8].

Like other countries, several studies from India have reported increasing trends in
tropospheric Os with seasonal and regional variations over the last few decades [9,10]. In
northern India, Delhi recorded 44 and 196.96 pg.m= of summer-time, 35 and 116.15
ug.m= of monsoon-time, and 38 pg.m= of winter-time Os during 2012 and 2018 [9,10].
Varanasi recorded 90.62 pug.m= of summer-monsoon-time Os during 2007, and 88.85 and
92.78 ug.m= of winter-time Os during 2007-08 and 2008-09 [11-13]. In western India,
Udaipur recorded 54.92 and 37.27 ug.m= of summer-time and monsoon-time Os during
2010 [14]. Jodhpur recorded 47, 27, and 37 pg.m= of summer-time, monsoon-time, and
winter-time Os during 2016 [15]. In southern India, Chennai recorded 29.66 pig.m= of
summer-time and 17.62 ug.m of monsoon-time Oz during 2016 [16]. In addition to these
seasonal and regional variations, several reports demonstrated significant diurnal and
weekday/weekend variations in the tropospheric Os concentrations across India. Delhi
recorded 86.30 and 47.07 pg.m= of day-time and night-time Os during the summer of
2016 [17]. Jodhpur recorded 129 and 96 pug.m= of day-time and night-time Os and 55.8
and 57.80 pg.m= of weekday and weekend Os during the summer of 2016 [15]. Bengaluru
recorded 41 and 32 ug.m= of day-time and night-time Os during the summer of 2015 [18].
Following the available reports, the tropospheric Os was generally found higher during
day-time and summer seasons; and also in the northern, eastern and western part of In-
dia as compared to the central, southern, and north-eastern parts of India.

Being a secondary pollutant, the generation as well as mitigation of tropospheric Os
largely depend on multiple factors, such as the dynamics of emission sources for pre-
cursor molecules, the ratio and saturation levels of the available precursor molecules,
alteration of meteorological variables, and others [19-21]. Based on the source and sink
mechanism, the precursors such as nitrogen oxides (NOx: NO and NOy), volatile organic
compounds (VOCs) including benzene, toluene, ethylbenzene, xylene (BTEX), the pro-
portion of NOx to VOCs [19-21], along with the meteorological variables like solar radi-
ation intensity, temperature, relative humidity, wind speed, and rainfall [22-25], play a
key role in the synthesis of Os in the troposphere. Reshmi et al. [26], while discussing the
relations of precursor molecules with Os formation in the Kannur city, India, pointed
towards a negative correlation with NOx, but positive correlation with carbon monoxide
(CO). In another study on 22 Indian cities, Sharma et al. [27] reported similar negative
correlations between O3-NOx and Os-VOCs. Chen et al. [19], in their study in Delhi,
demonstrated that the concentration of Os increased by 50% due to a 50% increment in
VOCs, but increased by 5% due to a 50% reduction in NOx during summer-time in 2018.
Li et al. [28] depicted a 2.68% increment in daily mean Os due to a 10% increase in VOCs,
but a 2.25% reduction due to a 10% increase in NOx at Chengguan district, China during
2016. In addition to these precursor molecules, tropospheric Os formation also demon-
strated positive correlation with meteorological parameters like temperature and sun-
shine hours, but negative correlation with relative humidity and rainfall [29,30].

Like other parts of the world, the Os formation in the Indian urban region is pri-
marily seasonal, light-limited and/or VOCs/NOx-limited [19,20]. In VOCs limited regime,
the tropospheric Os concentration primarily depends on changing levels of VOCs and
secondarily on NOx, whereas in NOx limited regime, the tropospheric Os concentration
primarily depends on changing levels of NOx, not VOCs. Therefore, it is very important
to determine which regime prevails before applying Os pollution mitigation approaches.
The restrictions on vehicular movement, biomass burning, and industrial and construc-
tion activities might help to control major air pollutants like NOx, particulate matters
(PM1o and PMaz.5), CO, etc., but not the VOCs particularly [20].

COVID-19 enforced a substantial lockdown of nearly 2 months (64 days) in India; which
resulted in the significant reduction of major air pollutants. This sudden improvement in the
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nation-wide air quality was a ‘silver-lining’ to all the researchers, policymakers, and common
people in decades. However, with the reduction of precursors during the lockdown, the
production of tropospheric Os is another very important issue to be addressed. Keeping this
in mind, the present study aims to compare the Os-production during the pre-lockdown and
lockdown with their precursor availability and atmospheric dynamics.

2. Materials and Methods
2.1. Selection of Indian Cities and Study Periods

A total of thirty (30) cities with higher air pollution records have been selected from
different geographical regions throughout the India (Figure 1). These cities are—(i)
Megacity (population =10 million), (ii) Class I-city (population > 0.1 million), and (iii)
Class II-city (population between 0.05-0.099 million) as per Census 2011 [31].
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Figure 1. Elevation map of selected Indian cities with their characters and existing population. # IT
= Information technology; NTPC = National thermal power corporation; M=Million.

The four months (128 days) long study period was divided into two phases—(i) first
phase/pre-lockdown (17 January to 24 March 2020) and (ii) second phase/lockdown (25
March to 31 May 2020), each of a total of sixty four days in three consecutive years, i.e., 2018,
2019, and 2020. According to the India Meteorological Department (IMD), the above men-
tioned period comes within summer-time in the Indian climate zone. This lockdown was
implemented in four phases by the Government of India. Major activities like public gather-
ings, educational institutes, industrial establishments, business and trade, hospitality ser-
vices, roadways, railways and airways transportation, and others, were completely sus-
pended during the initial phases, but partially allowed in later phases.
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2.2. Collection of Tropospheric O3, NO:, Benzene, Toluene, Ethylbenzene, Xylene (BTEX)
Concentration and Meteorological Variables

The daily mean 8 h (8 AM-16 PM) daytime concentration of O3 was collected from the
Central Pollution Control Board (CPCB) online portal for air quality data dissemination [32].
In general, the Os concentration reaches its daytime maxima during the selected periods of 8
h (8 AM-16 PM), if favored by meteorological conditions and precursor concentration. CPCB
provides ambient air quality data and their national standards with quality assurance or
quality control (QA/QC) programs by defining rigorous protocols for the monitoring, analy-
sis, and calibration. To maintain a parity, the concentration of precursors (NO2 benzene, tol-
uene, ethylbenzene and xylene) and meteorological variables (ambient temperature (AT),
relative humidity (RH), wind speed (WS), and wind direction) were collected for the same
duration and period as of Os from the same CPCB online portal.

2.3. Cartographical Analyses

The wind rose diagrams were prepared using WRPLOT view ver. 7.0.0 (Lakes
Software, Ontario, Canada) to visualize the wind pattern and speed of each selected city.
The obtained wind speed for every city was averaged arithmetically yielding a scalar
mean wind speed, and the direction of the wind was averaged to the vector mean wind
direction [32]. The concentration of Os was plotted using Inverse Distance Weighted in-
terpolation method in the ArcGIS 10.5 Spatial Analyst tool.

2.4. Statistical Analyses

The Os values available at monitoring stations have been summed up and divided
by the number of stations to get the daily arithmetic mean. These obtained mean values
have been summed up and divided by the number of days to estimate the mean value for
the concerned city. The change in percent in mean concentrations of Os between two time
periods has been executed to study the variations over time. Likewise, the arithmetic
mean values of NOz, BTEX, AT, RH, and WS for each city were obtained.

The multiple linear regression analyses have been applied for determining the av-
erage relationship among Os concentration and BTEX, NOz, RH, WS, and AT using SPSS
ver. 21 (Chicago, USA).

Hierarchical cluster analyses were done to group the cities based on percentage changes
of the daily mean Os concentrations from the first phase/pre-lockdown to the second
phase/lockdown in the years 2018, 2019, and 2020 by using SPSS ver. 21. Rescaled Distance
Cluster Combine (RDCC) was employed to compute the distance among cities and the clus-
tering method was within-group linkage based on the Z scores standardized transformation.
The two variables with the lowest average distance are generally linked to form a new clus-
ter.

3. Results
3.1. Spatial and Temporal Concentration of Tropospheric O3

The summer-time Os concentrations for all the selected cities for both the phases
were recorded separately for consecutive three years, i.e., 2018, 2019, and 2020. The mean
Os concentration was determined during the second phase/lockdown with reference to
the first phase/pre-lockdown of 2020 and the same time span of 2018 and 2019. During
the first phase of 2018, Os concentrations in Patna and Dewas (101.9 and 106.3 pug.m=)
exceeded the national ambient air quality standards (NAAQS) of 100 pg.m= (moderately
polluted). Though, 09 cities demonstrated Os concentration under the NAAQS and re-
ported a good category of Os level. However, Os concentration was significantly in-
creased in 14 cities during the second phase of 2018, and Patna and Muzaffarpur (111.7
and 104.0 pg.m=) surpassed the critical limits. However, 10 cities showed a good cate-
gory of Os level during this period of 2018 (Figure S1).
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During the first phase of 2019, 02 landlocked north Indian cities, i.e., Varanasi and
Muzaffarpur (130.5 and 122.8 ug.m=3) followed by only 01 east Indian city Patna (115.7
ug.m=3) surpassed the critical limits and exhibited moderately polluted. Although, the Os
level was found to be good in 15 cities and satisfactory in another 12 cities. As compared
to the first phase, Os was increased in 21 cities, among which 04 north Indian cities, i.e.,
Faridabad, Ghaziabad, Varanasi, and Kanpur, and one east Indian city, i.e., Patna, sur-
passed the NAAQS during the second phase of 2019 (Figure S1).

The Os concentrations during the first phase/pre-lockdown of 2020 have demon-
strated the good category in 12 cities and satisfactory in 18 cities. No cities exceeded the
NAAQS of 100 pug.m3. In comparison with the first phase/pre-lockdown of 2020, Os
concentration was significantly increased in 19 cities, among which 02 landlocked east
Indian cities, i.e., Brajrajnagar and Gaya, showed 102.33 and 100.48 pg.m= of O3 concen-
tration, which exceeded the NAAQS (100 pg.m3) during the second phase/lockdown of
2020 (Figure 2). The overall rise in Os concentration is seen in Agra (130%), followed by
Brajrajnagar (72.9%), Ahmedabad (61%), Dewas (54%), Ghaziabad (51.2%), Gaya (50%),
Tirupati (47.1%), Patna (41.7%), Delhi (41.2%), Gurugram (40.4%), Jodhpur (37.3%),
Mandi Gobindgarh (34.2%), Noida (30.3%), Singrauli (26.1%), Muzaffarpur (23.4%), Va-
ranasi (12.2%), Chennai (8.5%), Hyderabad (1.7%), and Kanpur (1.6%), compared with
first phase/pre-lockdown of 2020. During the observed span, the concentration of Os has
decreased in 11 cities, i.e.,, Lucknow, Vishakhapatnam, Bengaluru, Kolkata, Thiruvan-
anthapuram, Asansol, Mumbai, Thane, Faridabad, Howrah, and Jaipur (Figure 2). The
higher decrease in Os concentration was observed in 02 coastal west Indian cities,
Mumbai (50.4%) and Thane (42.2%), followed by east and south Indian cities, Kolkata
(28.5%), Thiruvananthapuram (27.5%), Bengaluru (22%), and Visakhapatnam (18.2%).

03 concentration (ug/m?)

Poor (169—-208)

Satisfactory (51— 100) @ Very Poor (209-748) 1000 500 O 1000
|

Moderately Polluted (101 —168) @ Secvere (748 +)

KM

Figure 2. Spatio-temporal variations in Os concentration for 30 selected Indian cities. (A) 17 January
to 24 March 2020. (B) 25 March to 31 May 2020. 1. Agra 2. Asansol 3. Brajrajnagar 4. Delhi 5. Fa-
ridabad 6. Mandi Gobindgarh 7. Gaya 8. Ghaziabad 9. Gurugram 10. Howrah 11. Lucknow 12.
Noida 13. Patna 14. Varanasi 15. Muzaffarpur 16. Vishakhapatnam 17. Tirupati 18. Bengaluru 19.
Chennai 20. Hyderabad 21. Thiruvananthapuram 22. Dewas 23. Singrauli 24. Ahmedabad 25. Jai-
pur 26. Jodhpur 27. Thane 28. Mumbai 29. Kanpur 30. Kolkata.
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Note: The concentration range has adopted from the breakpoints of O3 (8 h.) in Indian National Air
Quality Index.

3.2. Clustering of Indian Cities Based on Changes in Os Concentrations during Second
Phase/Lockdown of 2020

The increase or decrease of tropospheric Os in 30 Indian cities were
grouped/clustered together based on the percentage changes of Os concentrations during
the second phase/lockdown of 2020 as compared to the first phase/pre-lockdown of 2020,
and also in 2018 and 2019. According to the results, all the selected 30 cities were grouped
into five city clusters where 19 cities (enclosed by the red box) showed increasing and 11
cities (enclosed by the blue box) decreasing summer-time Os during the second
phase/lockdown as compared to the first phase/pre-lockdown of 2020 (Figure 3). Alt-
hough, a total of six city clusters where 14 cities had increasing Os and 09 cities had de-
creasing Os were observed during the second phase of 2018. Hence, 30 cities were
grouped into six city clusters where 21 cities showed increasing Oz and 09 cities demon-
strated decreasing Os during the second phase of 2019 with respect to the first phase
(Figure S2). A total of 16 cities demonstrated exactly the same trends/patterns in Os con-
centrations during the second phase/lockdown of 2020, as compared to the first
phase/pre-lockdown of 2020 in all three years. Out of which, 10 cities, i.e., Mandi Go-
bindgarh, Noida, Delhi, Patna, Jodhpur, Ghaziabad, Brajrajnagar, Kanpur, Varanasi, and
Agra [marked by (S) in red circle], demonstrated increasing Os trends; but 06 cities, i.e.,
Visakhapatnam, Kolkata, Thiruvananthapuram, Mumbai, Thane, and Howrah [marked
by (S) in the blue circle], showed the opposite (Figure 3). The first city cluster includes a
total of 13 cities (Dewas, Singrauli, Muzaffarpur, Mandi Gobindgarh, Noida, Delhi, Pat-
na, Gurugram, Jodhpur, Gaya, Ghaziabad, Tirupati, and Ahmedabad), which showed
significant increasing Os concentrations (23.4-61% over pre-lockdown) during the second
phase/lockdown of 2020. The second city cluster of the single city Brajrajnagar showed
comparatively higher Os increment by 72.9% during pre-lockdown. The third city cluster
of 8 cities (Lucknow, Vishakhapatanam, Bengaluru, Kolkata, Thiruvanathapuram,
Asansol, Mumbai, and Thane) showed significantly reduced Os concentrations (17.9-
42.3%) during the second phase/lockdown as compared to the first phase/pre-lockdown
of 2020. However, in the fourth city cluster, 03 cities, i.e., Faridabad, Howrah, and Jaipur,
demonstrated non-significant reduction of Os concentrations (4.8-11.9%), and 04 cities
(Hyderabad, Kanpur, Chennai, and Varanasi) with non-significant increase of Os con-
centrations (1.6-12.2% over pre-lockdown) during the second phase/ lockdown of 2020.
The fifth city cluster of single city Agra showed the highest Os increase by 130% during
the second phase/lockdown, as compared to the first phase/pre-lockdown of 2020 (Figure
3). Here, a total of 19 cities (out of 30 cities) exhibited increasing trends of Os concentra-
tions during the second phase/lockdown of 2020.
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Figure 3. Clustering of cities based on the percentage change in mean Os concentrations during the
second phase/lockdown, as compared to the first phase/pre-lockdown of 2020 for 30 selected In-
dian cities. Clustering cities with red and blue color boxes show increasing and decreasing Os
concentrations; cities with similar increasing and decreasing of Os concentrations during 2018,
2019, and 2020 are marked as similar (S) in a red and blue color circle.

3.3. Correlation between Os and Precursor Molecules

The relationship between Os and its precursors (VOCs including benzene, toluene,
ethylbenzene, xylene; and NOz) has been examined during the second phase/lockdown
in 2020; using multiple linear regression models (Table S1). Among the VOCs, the ben-
zene demonstrated positive correlations in 04 cities, i.e.,, Patna (p-value = 0.455),
Gurugram (p-value = 0.006), Ghaziabad (p-value = 0.224), and Hyderabad (p-value =
0.321), and negative correlations in 13 cities, i.e., Dewas (p-value = 0.005), Muzaffarpur
(p-value = 0.013), Mandi Gobindgarh (p-value = 0.499), Noida (p-value = 0.014), Ahmed-
abad (p-value = 0.862), Brajrajnagar (p-value = 0.576), Kanpur (p-value = 0.612), Chennai
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(p-value = 0.860), Varanasi (p-value = 0.348), Agra (p-value = 0.684), Delhi (p-value =
0.040), Gaza (p-value = 0.033), and Tirupati (p-value = 0.866), with increasing Os during
the second phase/lockdown of 2020. In Dewas, the obtained result prominently demon-
strated that one unit decrease of benzene increases 44.964 unit of Os (Table S1). However,
during the second phase/lockdown in 2020, benzene exhibited positive correlations in 08
cities and negative correlations in 03 cities with decreasing Os (Table S1).

The toluene showed positive correlations in 11 cities [Muzaffarpur (p-value = 0.954),
Noida (p-value = 0.439), Delhi (p-value = 0.268), Gurugram (p-value = 0.688), Jodhpur
(p-value = 0.592), Gaya (p-value = 0.329), Ahmedabad (p-value = 0.165), Brajrajnagar
(p-value = 0.605), Kanpur (p-value = 0.744), Varanasi (p-value = 0.134), and Agra (p-value
= 0.506)], and negative correlation in another 07 cities [Dewas (p-value = 0.002), Mandi
Gobindgarh (p-value = 0.955), Patna (p-value = 0.685), Ghaziabad (p-value =
0.005), Tirupati (p-value = 0.046), Hyderabad (p-value = 0.010), and Chennai (p-value =
0.015)] with increasing Os during the second phase/lockdown in 2020 (Table S1). The
obtained result of the central Indian landlocked city Dewas revealed one unit decrease of
toluene increases 2.938 unit of Os significantly (p-value = 0.002) during the second
phase/lockdown of 2020 (Table S1). On the other hand, toluene also demonstrated posi-
tive correlations in 09 cities, and negative correlations in 02 cities with decreasing Os
during the second phase/lockdown of 2020.

The ethylbenzene exhibited positive correlations in 04 cities, i.e., Dewas (p-value =
0.042), Mandi Gobindgarh (p-value = 0.729), Gaya (p-value = 0.222), and Chennai (p-value
= 0.597), whereas, negative correlations in 05 cities, i.e., Delhi (p-value = 0.653), Patna
(p-value = 0.038) Gurugram (p-value = < 0.001), Ahmedabad (p-value = 0.884), and
Brajrajnagar (p-value = 0.278), with increasing Os during the second phase/lockdown of
2020. In Gurugram, this result showed that one unit decrease of ethylbenzene increases
3.289 unit of Os. However, it also demonstrated positive correlations in 02 cities, i.e.,
Asansol and Faridabad; and negative correlation in 05 cities, i.e., Bengaluru, Howrah,
Jaipur, Kolkata, and Mumbai, with decreasing Os during this phase (Table S1).

Though xylene demonstrated positive correlations in 03 cities, i.e., Patna (p-value =
0.021), Ghaziabad (p-value = 0.258), and Hyderabad (p-value = 0.939), and negative cor-
relations in 06 cities like Delhi (p-value = 0.110), Gurugram (p-value = 0.647), Gaya
(p-value = 0.490), Tirupati (p-value = 0.732), Ahmedabad (p-value = 0.166), and Varanasi
(p-value = 0.015) with increasing Os. The obtained results of north Indian city Varanasi
showed one unit decrease of xylene increases 17.668 unit of Os significantly (p-value =
0.015) during the second phase/lockdown of 2020 (Table S1). However, it showed nega-
tive correlation in 03 cities (Faridabad, Kolkata, and Visakhapatnam) and positive corre-
lations in 02 cities (Lucknow and Howrah) where Os concentration decreased during this
period (Table S1).

NO: exhibited positive correlations in 10 cities including Dewas (p-value = 0.009),
Muzaffarpur (p-value = 0.297), Noida (p-value = 0.509), Delhi (p-value = 0.568), Gurugram
(p-value =0.001), Gaya (p-value =< 0.001), Ghaziabad (p-value = <0.001), Tirupati (p-value
=0.138), Hyderabad (p-value = 0.185), and Chennai (p-value = 0.408); while negative cor-
relations in 08 cities including Singrauli (p-value = < 0.001), Mandi Gobindgarh (p-value =
0.583), Patna (p-value = 0.228), Jodhpur (p-value = 0.411), Ahmedabad (p-value = 0.096),
Kanpur (p-value = 0.732), Varanasi (p-value = 0.040), and Agra (p-value = 0.696) with
higher Os during the second phase/lockdown of 2020. In the case of Singrauli and Va-
ransi, the multiple regression results indicated one unit decrease of NO2 increases 0.751
and 5.076 unit of Os significantly (Table S1). Although, it showed positive correlations in
06 cities, and negative correlation in 05 cities with reducing Os during the second
phase/lockdown of 2020 (Table S1).

3.4. Correlation between Os and Meteorological Variables

Meteorological variables play an important role in the formation, dispersion,
transportation, and dilution of air pollutants. Consequently, the variation in local mete-
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orological conditions such as AT, RH, and WS can affect the temporal and spatial varia-
tion in tropospheric Os. The correlation between Oz and its meteorological variables (like
AT, RH, and WS) has been determined using a multiple linear regression model during
the second phase/lockdown of 2020 (Table S1). AT demonstrated positive correlations in
15 cities, i.e., Dewas (p-value = 0.039), Mandi Gobindgarh (p-value = 0.377), Noida
(p-value = 0.007), Delhi (p-value = 0.002), Patna (p-value = 0.470), Gurugram (p-value =
0.121), Jodhpur (p-value = 0.093), Ghaziabad (p-value = 0.531), Tirupati (p-value = 0.031),
Ahmedabad (p-value = < 0.001), Brajrajnagar (p-value = < 0.001), Hyderabad (p-value =
0.062), Chennai (p-value = < 0.001),Kanpur (p-value = 0.211), and Agra (p-value = 0.035),
and negative correlations in 04 cities, i.e, Singrauli (p-value = 0.059),Muzaffarpur
(p-value = 0.845), Gaya (p-value =0.061) and Varanasi (p-value = 0.499) with increasing Os.
In the national capital Delhi, the result manifests one unit increase of AT increases 1.692
units of Os concentrations. In the coastal south Indian city Chennai, the multiple regres-
sion result also showed one unit increase of AT significantly increases 6.898 unit of Os
during the second phase/lockdown of 2020 (Table S1). However, it showed positive cor-
relations in 05 cities (Kolkata, Lucknow, Visakhapatnam, Thiruvananthapuram, and
Thane), and negative correlations in 06 cities (Asansol, Bengaluru, Faridabad, Howrah,
Jaipur, and Mumbai) with reducing Os during the second phase/lockdown of 2020 (Table
S1).

RH exhibited non-significant positive correlations in 03 cities, i.e., Patna (p-value =
0.880), Varanasi (p-value = 0.622), and Chennai (p-value = 0.434), and negative correlation
in 16 cities with increasing Os; as well as showing positive correlations in 01 city Thiru-
vananthapuram and negative correlations in 10 cities where Os decreased during the
second phase/lockdown of 2020 (Table S1). In Ghaziabad and Jodhpur, it has been de-
termined one unit decrease of RH significantly increases 0.736 and 1.474 unit of Os (Table
S1).

WS showed positive correlations in 05 cities, i.e., Noida (p-value = 0.265), Ghaziabad
(p-value = 0.597), Brajrajnagar (p-value = 0.371), Ahmedabad (p-value = 0.130), and Kan-
pur (p-value = 0.983), and negative correlations in 14 cities, i.e., Dewas (p-value = < 0.001),
Singrauli (p-value = 0.186), Muzaffarpur (p-value = 0.393), Mandi Gobindgarh (p-value =
0.612), Delhi (p-value = 0.214), Patna (p-value = 0.375), Gurugram (p-value = 0.581),
Jodhpur (p-value = 0.831), Gaya (p-value = 0.027), Tirupati (p-value = 0.490), Hyderabad
(p-value = 0.811), Chennai (p-value = 0.150), Varanasi (p-value = 0.256), and Agra (p-value
= 0.866) during the second phase/lockdown of 2020. In the case of the central Indian
landlocked city Dewas, one unit decrease of WS significantly increases 6.659 unit of O3
during this period (Table S1). However, it demonstrated positive correlations in 04 cities,
and negative correlations in 07 cities with decreasing Os during the second
phase/lockdown of 2020 (Table S1).

3.5. Temporal and Spatial Variation of Wind Speed and Directions

On average ~4.1 and 1.3 ms? wind speed, south-west and south-east were the
pre-dominant wind directions of the central Indian landlocked cities, Dewas and
Singrauli, during the second phase/lockdown of 2020. In west Indian cities (i.e., Mandi
Gobindgarh, Jaipur, and Jodhpur); north-west, west, and south-west were the predomi-
nant wind directions with an average WS of ~1.6, 1.3, and 1.1 ms™, respectively. Howev-
er, another west Indian city, Ahmedabad, showed variable wind direction with an av-
erage speed of ~5.8 ms™!, which can be attributed to enhancing transport or dispersal of
Os from/to the adjoining regions during the second phase/lockdown of 2020 (Figure 4). In
north Indian landlocked cities (Noida, Delhi, Gurugram, Ghaziabad, Lucknow, Farida-
bad, Kanpur, Varanasi, and Agra), the predominant wind direction was south and
south-west with an average WS of ~2.2 ms™. However, particularly in Kanpur, Varanasi,
and Agra, the average WS was slightly high, i.e., ~2.5, 3.0, and 3.3 ms™, respectively, as
compared to the other north Indian city that might assist in long-range transport. Alt-
hough, the south Indian cities (Tirupati, Visakhapatnam, Bengaluru, Thiruvananthapu-
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ram, Hyderabad, and Chennai) demonstrated south-east and south-west predominant
wind directions with an average WS of ~1.8 ms™'. The predominant wind direction was
south and south-east, while an average WS of ~ 1.1 ms™ in east Indian cities (Patna, Gaya,
Brajrajnagar, Kolkata, Howrah, Asansol) during the second phase/lockdown of 2020
(Figure 4). Here, it has been observed that WS was light in almost all cities during the
summer-time lockdown of 2020, indicating native pollution rather than transport or
dispersal from/to the adjoining areas.
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Figure 4. Temporal and spatial variations of wind speed and directions across 30 selected Indian
cities during the second phase/lockdown of 2020.
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4. Discussion

As long as the human civilization exists, COVID-19 will be remembered as one of
the most unfortunate episodes in the history of humankind; but the ‘imposed lockdown’
that restricted anthropogenic activities executed a “positive’ impact on the nature and
natural resources. The world has experienced the best possible pollution-free environ-
ment, especially in terms of air quality for decades [26,33-36]. It also offered the re-
searchers and policymakers the opportunity to identify the sources and nodal points that
need rectifying for a better and healthier future.

Like the other parts of the world, several studies demonstrated significant im-
provements in air quality during the lockdown in India. However, the majority of those
reports pointed to an unusual higher concentration of Os during the same lockdown pe-
riod in a significant number of places throughout the India [33, 36]. It was generally
found that the increase/decrease phenomena of photochemically processed tropospheric
Os are complicated because of its non-linear relationship with its precursors (NO2 or NOx
and VOCs) and meteorological variables; and the reduction of precursor does not nec-
essarily lead to a reduction in tropospheric Os [21]. Keeping these in mind, the present
study only focuses on the tropospheric Os profile of 30 major cities throughout the India
during the lockdown of 2020, with reference to the pre-lockdown of 2020, and the same
time span of the previous years 2018 and 2019; and, with the aim to understand if the
changes in Os profile are regional/seasonal precursor and/or meteorological variables
dependent/limited or not.

The collected four months (128 days) long summer-time Os concentrations for the
consecutive three years, i.e., 2018, 2019, and 2020, between the period 17 January-31 May
(divided into two phases—first phase/pre-lockdown of 2020: 17 January—24 March, and
second phase/lockdown of 2020: 25 March-31 May) demonstrated a significant temporal
and spatial variations without much changes in the meteorological variables within these
years (Figure 2 and Figure S1) [27]. Among these, only the second phase/lockdown of
2020 was significantly different from others, as all the major anthropogenic activities
were completely/partially suspended during this time [26,33-36]. So, the changes in Os
concentrations during these second phases of both 2018 and 2019, as compared to their
respective first phases, were largely because of the usual generation and availability of
the precursors and meteorological variables; which altered during the second
phase/lockdown of 2020. It is important to note that the Os concentrations recorded in
most of these selected cities were under NAAQS (100 pg.m=3); but the concentrations
were significantly increased in 14 cities in 2018, 21 cities in 2019, and 19 cities in 2020
during the late summer-time or second phase/lockdown of 2020 (Figure 2 and Figure S1).
Sharma et al. [27] also reported similar trends with an average 17% increase in O3 con-
centrations in 22 Indian cities during the initial lockdown of 2020, as compared to the
previous years 2017 to 2019. Upon precursor’s availability, the urban atmosphere can be
divided as VOCs/NOx limited. In VOCs limited environment, the higher Os levels mostly
depend on increasing VOCs and rarely on NOx; but in NOx limited environment, the Os
generation pattern and precursor dependence become vice-versa. It is important to de-
termine which environment prevails before developing any Os management strategies
[21].

While analyzing the increasing/decreasing phenomena of tropospheric Os concen-
trations in selected Indian cities, the percentage changes in the second phase/lockdown of
2020 as compared to the first phase/pre-lockdown were grouped for all three study years
(Figure 3 and Figure S2). In lockdown of 2020, a total of five city clusters, where 19 cities
with positive change and 11 cities with negative change of Os were observed. Though,
the number and nature of the city clusters varied from the previous reference years
(Figure S2); but 16 cities demonstrated the same increasing/decreasing phenomena as of
previous years (Figure 3).

The first city cluster of 13 cities, i.e.,, Dewas, Singrauli, Muzaffarpur, Mandi Go-
bindgarh, Noida, Delhi, Patna, Gurugram, Jodhpur, Gaya, Ghaziabad, Tirupati and



Atmosphere 2022, 13, 1115

12 of 17

Ahmedabad, experienced a significant higher Os (23.4-61% increase over pre-lockdown)
during the lockdown of 2020 (Figure 3). The city cluster was mainly dominated by the
north and west Indian cities. Among the major precursors and meteorological variables,
one or more VOCs (i.e., benzene, toluene, ethyl benzene, and xylene), NO2, and AT
showed a significant positive correlation and RH showed a significant negative correla-
tion with Os formation in most of the northern cities (Table S1). In spite of the lockdown,
these densely populated north Indian cities experienced active local pollution sources
like domestic emissions, staple burning, thermal power plants, etc., which might have
contributed to higher Os formation [37]. Even the lower wind speed in these landlocked
cities also support local source based pollution rather than long-range transport, and/or
dispersion (Figure 4) [37]. Chen et al. [19] reported the domestic emissions and staple
burning in Uttar Pradesh and Haryana states during the lockdown significantly contrib-
uted towards the higher Os levels of northern cities like Delhi. Kumari and Toshniwal
[38] also demonstrated that a nearly 37.3% increase in the Os in Delhi and Noida during
lockdown might be an effect of continuous operational thermal power plants in the area
[38]. In another study, Rahaman et al. [36] also reported that the far distance of land-
locked north Indian cities from the sea, and meteorological variables like enhanced
temperature might contribute to the higher Os during the lockdown. Both the West In-
dian cities, Jodhpur and Ahmedabad, also experienced significant higher Os (37.3 and
61% increase over pre-lockdown), which is positively correlated with toluene and AT,
but negatively correlated with other VOCs, NO, and RH (Table S1). The WS and patterns
were significantly different among both the cities. The Jodhpur like other landlocked
cities experienced lower WS and distribution patterns; but the Ahmedabad demonstrated
positively correlated higher WS and distribution patterns that might contribute to en-
hancing migration as well as the dispersal of Os from/to the adjoining areas (Figure 4).
Saadat et al. [33] reported a similar study in west Indian cities and concluded Os levels
increase in Jodhpur and Ahmedabad due to a decrease of NO: during the lockdown. The
higher Os levels in the central Indian cities, Dewas and Singrauli (26.1 and 28.4% increase
over pre-lockdown), followed a similar pattern as observed in previous landlocked cities.
Being an industrial city, the Os formation in Dewas showed significant negative correla-
tion with toluene (p-value = 0.002), RH (p-value = 0.006), and WS (p-value = < 0.001), but
significant positive correlation with NO: (p-value = 0.009), and AT (p-value = 0.039). The
enhancement of Oz in Dewas might be attributed to the higher solar radiation, whereas in
Singrauli, the Os formation was significantly NO:2 and RH limited. Several previous
studies demonstrated the decline NOx changes NOx-VOCs ratio [39]; and continuous
operational Vidyachal super thermal power station might be a major reason behind the
higher Os in Singrauli [40]. Although the south Indian cities demonstrated healthier air
quality throughout the years, Tirupati showed the higher Os formation (47.1% increase
over pre-lockdown), which was significantly AT (p-value = 0.031) and RH dependent
(p-value = 0.009) (Table S1). Pakkatil et al. [35], also pointed the rising Os during sum-
mer-time lockdown could be attributed to the higher solar radiation which triggers
photochemical reactions between NOx and VOCs.

The second city cluster only includes Brajrajnagar of eastern India, which experi-
enced a significant higher Os of 102.3 ug.m= (72.9% increase over pre-lockdown) during
the second phase/lockdown of 2020. This comparatively smaller landlocked city (class-II)
is surrounded by open cast mines and railway coal siding, which contribute to significant
native dust pollution including PMi, PM2.5, and others [41]. Saadat et al. [33] reported a
reduction in both PM1o and PMz.5 in Brajrajnagar during the lockdown of 2020. This lower
particulate pollution might enhance the solar radiation intensity, AT, and also reduced
RH towards a higher Os formation. The obtained multiple regression results of significant
positive correlation of O3-AT (p-value = < 0.001) and negative correlation of Os-RH
(p-value = 0.002) also support this in Brajrajnagar (Table S1).

The third city cluster of 08 cities, i.e., Lucknow, Visakhapatnam, Bengaluru, Kolkata,
Thiruvananthapuram, Asansol, Mumbai and Thane, showed lower Os (17.9-42.3% de-
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creased over pre-lockdown) during the second phase/lockdown of 2020 (Figure 3). The
city cluster was mostly dominated by the south Indian followed by east and west Indian
cities. Saadat et al. [33] and Rahaman et al. [36] both reported similar reduced Os for-
mation in all these cities mainly due to lower availability of precursors molecules and
critical meteorological dynamics (Table S1). Except for coastal cities like Visakhapatnam,
Thiruvananthapuram, and Thane, the WS and distribution patterns indicated more to-
wards local pollution than transport or dispersion (Figure 4). Most of the photochemical
ways for the elimination of Os become active while RH rises in the atmosphere. Besides,
the higher percentage of RH levels retarded the photochemical processes due to its asso-
ciation with cloudiness and atmospheric instability. In addition, Os might also be re-
moved from the atmosphere through the deposition of its molecules with water droplets
[42,43].

The fourth city cluster including 07 cities represented a complex nature where both
non-significant increased and decreased Os levels were found (Figure 3). 03 out of 07
cities (Faridabad, Howrah, and Jaipur) demonstrated lower Os (4.8-11.9% decreased over
pre-lockdown), and the other 04 cities (Hyderabad, Kanpur, Chennai, and Varanasi) ex-
perienced higher Os (1.6-12.2% increased over pre-lockdown) during the second
phase/lockdown of 2020 (Figure 3). Rahaman et al. [36] reported Os decreased by 7% in
the landlocked west Indian city of Jaipur and other landlocked north Indian cities due to
the reduction of Os precursor molecules and meteorological variables dynamics. Among
these 03 cities with lower Os, the WS and its distribution patterns in Howrah could not
help in long rang transport of Os (Figure 4). Out of 04 cities with higher Os, in 02 land-
locked north Indian cities, i.e., Kanpur and Varanasi, the Os formation might be due to
the reduction of NOz. Rahaman et al. [36] also reported similar increasing Os levels asso-
ciated with decreasing NO:. The Kanpur and Varanasi experienced a negative correlation
with NO2 and VOCs. However, the WS and distribution pattern of both cities were more
or less similar and could help in long range transport (Figure 4). In Chennai, the higher
Os level was VOCs dependent (benzene and toluene) in association with high AT and
low RH. Despite of this factor, WS and wind direction also showed an important role in
Os enrichment. During the lockdown in Chennai, the wind was blown from south and
south-east from the seaside, with speed ranged between 2.10 to 5.70 m/s. Therefore, the
higher Os might be a result of the sea breeze which transported Os rich air from the ad-
joining areas [16]. Even this increase in Os concentration might be related to chlorine
which present in the onshore flow. In general, chlorine oxides VOCs and forms hydroxyl
radical (OH), which enhances Os formation at the coast-line [16]. Pakkattil et al. [35] re-
ported increased BTEX in nearby point sources might also contribute to higher Os in
Hyderabad during the lockdown. The lower WS and its pattern indicated towards native
pollution, rather than transport/dispersion (Figure 4).

The fifth city cluster includes Agra of north India, which experienced a highest in-
crease in Os (130% increase over pre-lockdown) during the second phase/lockdown of
2020. In Agra, Os formation showed a negative correlation with two VOCs (benzene and
xylene), NOz, and WS; but, significant positive correlation with AT (p-value = 0.035) (Ta-
ble S1). Kumari et al. [44] reported staple burning in agriculture fields of Punjab and
Haryana might lead to the downwind transport of major precursors as well as Os in
Agra. Another study of Saxena and Raj [37], depicted higher Os in Agra owing to the
continuous operational of thermal power plants in adjoining areas during the second
phase/lockdown of 2020.

A nearly identical city clusters with 16 cities demonstrating similar increas-
ing/decreasing Os concentrations were observed in the last three years, i.e., 2018, 2019,
and 2020 (Figures 3 and S2). Out of these 16 cities, 10 cities (north Indian cities—Noida,
Delhi, Ghaziabad, Kanpur, Varanasi and Agra; east Indian cities—Patna and Brajrajna-
gar; west Indian cities—Mandi Gobindgarh and Ahmedabad) showed increasing Os
during the second phase of 2018 and 2019, and the lockdown of 2020. The other 09 cities
(central Indian cities—Dewas and Singrauli; north Indian city —Gurugram; east Indian
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cities—Muzaffarpur and Gaya; west Indian city—Ahmedabad; South Indian cit-
ies—Tirupati, Hyderabad, and Chennai) also demonstrated similar increasing Os con-
centrations during the lockdown of 2020; but not in 2018 and 2019. Though the available
reports pointed towards the possible unavailability of the precursors; such increased
levels of Os in these cities certainly demonstrate higher future risks [33-40].

5. Conclusions

Following its stable increasing trends over the last few decades, the tropospheric Os
has already become a prime issue for India’s future air pollution management strategies.
The issue is more serious as the levels of Os critically vary through the seasons, geo-
graphical locations, and primary pollutants’ inventories. The COVID-19 resulted in the
imposition of a 64-days long nationwide lockdown, which helped in the reduction of the
major criteria air pollutants levels and emissions throughout India [33]; but the Os
demonstrated the opposites. In the present study, a good number of cities (19 cities, i.e.,
Dewas, Singrauli, Muzaffarpur, Mandi Gobindgarh, Noida, Delhi, Patna, Gurugram,
Jodhpur, Gaya, Ghaziabad, Tirupati, Ahmedabad, Brajrajnagar, Hyderabad, Kanpur,
Chennai, Varanasi and Agra, out of 30 major Indian cities with poor air quality records)
mainly of north and west India, manifested similar trends. The cluster analyses demon-
strated the city clusters with both increased and decreased Os levels during the lockdown
as compared to the pre-lockdown. Furthermore, the multiple linear regression results
also indicated that the summer-time Os formation was mainly VOCs/NOx dependent in
most of the cities.

According to the previous reports, in many polluted urban regions, the reduction of
NOx levels might have served as a sink for OH radicals; hence, the reduced NOx titration
could induce higher Os [45]. In addition to that, the tropospheric Os changes considerably
depend on diverse local factors, like the VOCs levels or reactivity, oxidant levels, as well
as meteorological and seasonal dynamics. Therefore, considering the local emissions and
meteorology for Os generation, appropriate policies and control measures should be
taken to supersede the harmful effect of increasing Os. In reality, the variations in NOx
and VOCs emissions were often coupled because of similar and common emission
sources. An actual and effective control depends on more precise and detailed infor-
mation of the real time emissions sources form a different timetable. It is also important
to note that the present results were obtained based on the COVID-19 lockdown in the
summer. A different response of Os formation to NOx and VOCs regime might be ex-
pected in the winter/rainy season.

Supplementary Materials: The following are available online at www.mdpi.com/article/10.3390/
atmos13071115/s1, Table S1: Multiple linear regression with co-efficient of determination (R?) and
significance level (p values) in Os (y) v/s. benzene, toluene, ethylbenzene, xylene, NOz, AT, RH, and
WS. Figure S1: Spatio-temporal variations in Os concentration for 30 selected Indian cities. (A) 17
January to 24 March 2018. (B) 25 March to 31 May 2018. (C) 17 January to 24 March 2019. (D) 25
March to 31 May 2019. 1. Agra 2. Asansol 3. Brajrajnagar 4. Delhi 5. Faridabad 6. Mandi Gobind-
garh 7. Gaya 8. Ghaziabad 9. Gurugram 10. Howrah 11. Lucknow 12. Noida 13. Patna 14. Varanasi
15. Muzaffarpur 16. Visakhapatnam 17. Tirupati 18. Bengaluru 19. Chennai 20. Hyderabad 21.
Thiruvananthapuram 22. Dewas 23. Singrauli 24. Ahmedabad 25. Jaipur 26. Jodhpur 27. Thane 28.
Mumbai 29. Kanpur 30. Kolkata. Figure S2: Clustering cities based on the percentage change in
mean Os concentration during 25 March to 31 May, as compared to 17 January to 24 March in the
years 2018, 2019 for 30 selected Indian cities. Clustering cities with red and blue color boxes show
increasing and decreasing Os concentrations.
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