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ARTICLE INFO ABSTRACT

Keywords: The majority of existing COVID-19 and pollution research are from a linear perspective, ignoring the nonlinear
Lockdown relationship between COVID-19 and pollution. This work is aimed to systematically investigate the nonlinear
Air pollutants impact of COVID-19 lockdown on four typical pollutants (NO2, PM2.5, O3 and SO2) in the selected eight cities
I(\:I(zr\l/lli]z;? (Wuhan of China, New York of the United States, Milan of Italy, Madrid of Spain, Bandra of India, London of
Heterogeneity United Kingdom, Tokyo of Japan and Mexico City of Mexico) using the updated data and spearman correlation

function model. To a certain extent, the global lockdown caused by the coronavirus only reduces nitrogen di-
oxide and particles, but does not reduce ozone . Specifically, compared with the average concentration in the
same period from 2017 to 2019, NO, in 2020 decreased by 40-50 %, PM 5 in 2020 decreased by 10-30 %, O3 in
2020 increased by 17-20 % and SO, in 2020 increased slightly. In addition, the changes of new confirmed cases
of COVID-19 and change of pollutants were not synchronized. On the contrary, there was a 0-7 days lag between

the new confirmed cases and changes of pollutants.

1. Introduction

The COVID-19 has become a global pandemic, affecting more than
200 countries and territories around the world (World Health Organi-
zation, 2020). Many countries are aware that suspending public trans-
portation, closing entertainment venues and prohibiting public
gatherings are the most effective ways to stop the spread of the virus
(Atalan, 2020). Of the 50 states in the United States, New York has the
worst epidemic and imposed a ban on staying at home on March 22 (Ng,
2020). As the most severe country in Europe, the Italian government
announced a city blockade on March 8 (Menut et al., 2020). After Italy,
Spain became Europe’s second closed country (March 14) (Aldaco et al.,
2020). Subsequently, the British Prime Minister also announced a
nationwide lockdown on March 23 (Madan, 2020). In addition to this,
the Indian Prime Minister announced a nationwide curfew on March 22,
canceling all domestic and international flights and other trans-
portation. India’s four measures to extend the lockdown of the city were
also of concern. The date of the closure of the city has been extended to
June 30 (Sharma, Zhang, Anshika Gao, Zhang, & Kota, 2020). Following
this, Mexico City and Tokyo were blocked at the end of March and early
April (Masako, 2020).

The lockdown and social isolation not only shutted down some fac-
tories, but also greatly reduced the flow of traffic (Bai et al., 2020; Wang
& Wang, 2020). Due to this, significant changes of air pollutions have
taken place (Bashir et al., 2020; Mahato, Pal, & Ghosh, 2020). Existing
studies (Chen, Kuschner, Gokhale, & Shofer, 2007; Nuvolone, Petri, &
Voller, 2018) have shown that particulate matter with aerodynamic
diameter less than 2.5 pm (PMy 5), nitrogen dioxide (NOy), sulfur di-
oxide (SO3) and tropospheric ozone (O3) are the most serious air pol-
lutants threatening human health. Exposure to air pollutants not only
threatens the human respiratory system, but can also cause potential
lung diseases (Wang & Su, 2020). Taking various regions as examples to
study the relationship between air pollutants and human health has
always been the focus of scholars. Long-term exposure to air pollution
not only promotes the spread of the virus, but also leads to high rates of
respiratory and heart disease (Fattorini & Regoli, 2020). Scholars
(Venter, Aunan, Chowdhury, & Lelieveld, 2020) found that in China and
India alone, the number of PMj 5 related premature deaths was 1,400
and 5,300, respectively. Older adults with comorbidities are more
responsive to the environment and tend to have more severe symptoms
(Wang et al., 2020).

Focused on the eight cities of Wuhan, New York, Milan, Madrid,
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Bandra, London, Tokyo and Mexico City, this study aims to explore the
relationship between the lockdown and air pollutants (NO,, SO, Os,
PMys) from the perspective of nonlinearity and heterogeneity.
Compared with other studies, innovations include the following two
aspects. First, the moving average function and Spearman correlation
function model will be used to determine the nonlinear influence of the
hysteresis (0 day, 3 days, 5 days and 7 days) of newly confirmed COVID-
19 cases on the changes of four environmental pollutants. Secondly,
through the investigation of the urban lockdown period in 2020 and the
same period from 2017 to 2019, the heterogeneous impact of each city’s
lockdown on its air pollutants will be investigated from the angle of
intensity distribution and statistics in bubble diagram and boxplot
respectively. Comparisons are made between quartiles, medians, and 95
% confidence intervals. The practice of this study aims to reveal how the
lockdown caused by COVID-19 will affect the air quality of eight cities.

2. Methods
2.1. Area and indicator selection

Areas most affected by the epidemic impose more obvious signifi-
cance for air quality (Zhu, Xie, Huang, & Cao, 2020). The cities of
Wuhan, New York, Milan, Madrid, Bandra, London, Tokyo and Mexico
City have a very high number of confirmed cases during the New Cor-
onary Pneumonia epidemic (Onder, Rezza, & Brusaferro, 2020). More
notably, these eight cities have all adopted the measures of city lock-
down in response to the epidemic. Leaders of various countries have also
announced specific city lockdown dates through media. Except for
Wuhan’s lockdown of the city on January 23, the other seven cities have
all implemented lockdown in March and April (Milan on March 8,
Madrid on March 14, New York on March 22, Bandra on March 25,
London on March 23, Tokyo on April 7 and Mexico City on March 30).

NOj, Os, SO and PMj 5 are common indicators of measuring air
quality (Chauhan & Singh, 2020; He, Pan, & Tanaka, 2020; Ogen, 2020).
In this study, these pollutants are selected for analysis. The data source
of each pollution indicator varies from country to country. Specifically:
(1) New York’s air pollutants daily data period 2017-2019 was obtained
from the United States Environmental Protection Agency (EPA) (Envi-
ronmental Protection Agency, 2020). NOy (unit: ppb) is measured by
daily max 1 -h NO, concentration; O3 (unit: ppb) is measured by daily
max 8-h O3 concentration; SO5 (unit: ppb) is represented by daily max 1
-h SO, concentration; PMy 5 (unit: ug/m3 LC) is represented by daily
mean PM, 5 concentration. (2) The air pollutants daily data of Wuhan,
New York, Milan, Madrid, Bandra, London, Tokyo and Mexico City are
selected from World Air Quality Index (AQI, 2020), which has been
investigating with the most relevant international institutions. This is an
open data platform providing free access the world historical and
real-time Air Quality data from the 100+ countries. The pollutant data
of several cities derived from this database are all daily average values.
The unit of each pollutant is the same as that of New York.

Considering that the impact of the epidemic on air pollutants is
mainly achieved through the lockdown of the city, selected period for
observation is from the beginning of the lockdown to October 30. For
example, daily data for pollution indicators in Wuhan ranges from
January 23 to October 30, while that of New York selected from March
22 to October 30. Comparing the content of pollutants in 2020 and the
historical period is the key to analyze the impact of the epidemic on air
pollutants. To set up a control groups, all air quality indicators during
observation date in 2017-2019 years were used for obversion. Obtained
comparison results could uncover the true relationship and influence
between the lockdown and air pollutants.

2.2. Data processing by box-plot

Box plot is a statistical chart used to display the distribution pattern
of a set of dispersion data. On the one hand, it can reflect the
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characteristics of the original data distribution; on the other hand, it can
compare the distribution characteristics of multiple sets of data.
Generally speaking, a box plot consists of the upper edge, lower edge,
median, and two quartiles of a set of data (Hintze & Nelson, 1998). A
more specific box plot will also indicate the data range within the 95 %
confidence interval. The drawing of the box plot does not impose any
restrictive requirements. This method relies on actual data and does not
require that the data follow a specific distribution form in advance
(Williamson, Parker, & Kendrick, 1989). Therefore, this is a statistical
analysis method that can truly and intuitively express the original
appearance of the data shape.

In practice, the quartile value is the key calculated point. The upper
and lower quartiles are usually represented by Q; and Qs (calculated
following equation Q; = 271). In the determination process, the data
needs to be rearranged according to the size of the value (Mirzargar,
Whitaker, & Kirby, 2014). The data at Q; and Qs represent the lower
quartile and upper quartile, respectively. The quartile has a certain
stability, as much as 25 % of the data can be arbitrarily varied without
greatly disturbing the quartile. Therefore, the outliers cannot exert in-
fluence on this standard (Dawson, 2011), which makes the result of
identifying abnormal values in the box plot more objective (Large,
Gemmell, Paulick, & Huston, 2001).

In addition to quartiles, the median is also the key drawn point in the
box plot. Median refers to the data in the middle of a series of data.
Besides, the distribution of data within the 95 % confidence interval is
also the focus of describing statistical characteristics. The data in this
interval can often represent the distribution of the array. This has
become an important reference standard other than quartiles. On the
same number axis, box plots of each group of data are arranged in
parallel. Shape information such as the median, tail length, outliers, and
distribution interval of several batches of data is clear at a glance. This
will provide a simple and direct way to compare and analyze the dif-
ferences between the data of each group.

2.3. Spearman correlation function model

Spearman correlation coefficient, also commonly called Spearman
rank correlation coefficient (Croux & Dehon, 2010). Rank can be un-
derstood as a sort or order, then it is solved according to the sort position
of the original data. It abandons the traditional Pearson method’s
requirement for data, that is, the data must be in a normal distribution
and linearly related. Since the rank of outliers usually does not change
significantly (for example, if it is too large or too small, it will be ranked
first or last) (Bonett & Wright, 2000), so the influence on Spearman’s
correlation coefficient is also very small. This has become the advantage
of this correlation coefficient calculation method.

The calculation of the correlation coefficient follows the following
steps.

Step 1: Define two sets of data sequences: X = {x7,x2, -+, X} and
Y = {y1,¥2,*,¥n}. Sort the data by size, and define the sorted data
sequence as X = {x;, x;, -, x;} and Y = {y;, y;,. ¥ }.

Step 2: Rank as the position of the x; in the X' sequence, and the
position of the y; in the Y’ sequence and record the rank of [(x1,y1), (xz,

Y2), - (%n,¥n) | @s [(T1,S1), (T2,Sz2), +(Tn, Sn) |-

Step 3: Calculate the estimated value of the overall correlation co-
efficient “R™:

63 (T, -5’
R=1--"=_
n(n* —1)

Step 4: Perform a two-tailed significance test on the obtained sig-
nificance results to compare whether ‘A ° and ‘B’ are significantly
different. When p < 0.05, it is considered statistically significant (Myers
& Sirois, 2006).
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Table 1

Correlation between COVID-19 and air pollutants.

NO: O3 PM2.5 SO,
Wuhan -0.494" -0.001 -0.058 -0.290"
New York -0.560" 0.204 -0.518" -0.208
Milan -0.055 0.323" 0.201 -0.208
Madrid -0.773" 0.629™ -0.450" -0.430"
Bandra -0.843™ -0.726™ -0.129 0.754"
London - 0.454" 0.414™ 0.171
Tokyo -0.213 0.595" -0.044 -0.352™
Mexico City -0.673" -0.045 -0.073 0.441""
Note: ** indicates that the correlation is significant at the 0.01 level (two-tailed).

* indicates that the correlation is significant at the 0.05 level (two-tailed).

3. Hysteresis effects of COVID-19 on air pollutants

To verify the correlation between the COVID-19 and air quality, the
correlation between new coronavirus infection cases and air pollutants
emissions will be tested through Spearman correlation function model.
In addition, the daily content of pollutants in 2020 will be compared
with the daily averaged content in 2017-2019. These yearly comparison
helps to measure the overall air quality under the epidemic.
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3.1. Pollutant emission curve in 2020 and 2017-2019

With reference to the database mentioned above, Fig. 1 plots the
time-series trend of four pollutants period 2017-2020. We set the
pollutant emissions in 2020 as observation sample and the averaged
pollutant emissions from 2017 to 2019 as control sample. As we all
know, the emission of air pollutants is affected by many factors. In this
case, choosing the air pollution data of the past three years as the
comparison for 2020 can basically eliminate the impact of specific
years/events on the current pollutants. In below figure, the red line
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Fig. 1. Comparison chart of 2017-2019 and 2020 in four pollutants.
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represents the emissions of various pollutants from January 1, 2020 to
October 30, 2020. The other colored lines in Fig. 1 mean the historical
averaged level of air pollutants from January 1 to October 30 over the
2017-2019.

According to existed studies, the amount of pollutants in the air will
be affected by weather and other factors (Pei, Han, Ma, Su, & Gong,
2020). When pollutants enter the lower atmosphere through pollution
sources, they flow downstream with the dominant wind direction on the
one hand and diffuse around with atmospheric turbulence on the other
hand (Higham, Green, & Ramirez, 2020). Therefore, pollutants in the
atmosphere are closely related to wind, temperature inversion, diffusion
conditions and other meteorological factors. In order to eliminate the
interference of exclusion factors, we set the date of the observation
sample and the control sample to the comparison of daily emissions in
the same time period. According to the latest data source provided by
the database, the content of each pollutant during the period from
January 1 to October 30 was selected and plotted as shown in Fig. 1.
First, the graph plots the NO air content in eight cities. The curve shows
that compared with 2017-2019 (purple line), the NO; level in 2020 (red
line) is lower. Through further comparison, this phenomenon is more
obvious in 6 cities except Bandra and Tokyo. Secondly, the chart com-
pares the dynamic trends of Og in 2020 (red line) and 2017-2019 (blue
line). Many cities show that the ozone content is not much different from
previous years. In addition, there are also significant differences in the
annual emissions of PM2.5 and SO, between 2017-2019 and 2020 (both
pollutants show that emissions in 2020 are lower than in previous
years). Based on the above points, we can conclude that: In the observed
city, the amount of pollutant emissions in 2020 show varying degrees of
change from historical levels. The specific link between pollutants and
urban blockades needs further study.

3.2. Correlation between confirmed cases and pollutants

Since the outbreak of Corona Virus Disease, the number of confirmed
cases is increasing every day. The confirmed number of cases per day has
become an indicator judging the severity of the epidemic. We input the
number of confirmed cases and air pollutants on one day into the cor-
relation test model. Notably, considering that there is a lag in the
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response of the society to the epidemic, the data was processed with a
lag of five days before the correlation was measured. Calculated corre-
lation coefficients could quantify the relationship between the two.

Table 1 lists the correlation coefficient between the number of ill-
nesses and pollutants in each city. It can be seen that NO, is negatively
correlated with the number of COVID-19 cases in eight cities. In addi-
tion, the emissions of SO, and PM; 5 are negatively correlated with cases
of Corona Virus Disease in five cities. The relationship between O3 and
the epidemic are positively correlated in five cities. It can be seen from
this that, regardless of the number of lag days, the correlation between
NO; and the epidemic is consistent in all cities. However, O3, PM3 5 and
SO, are consistent in part of cities. In other words, the reasons for the
difference between cities are related to the consideration of the number
of lag days.

The strength of the correlation between the Corona Virus Disease
epidemic and pollutants is mainly achieved through response measures.
Judging from the significant level of related impact, the number of
confirmed cases in Madrid has a significant impact on all four pollutants.
Bandra, London and Tokyo have a significant impact on the three pol-
lutants. New York, Milan and Mexico have significant effects on the two
pollutants. The impact of confirmed cases in New York on pollutants is
not significant.

3.3. Hysteresis effects of confirmed cases on pollutants

The delayed response of air pollutants to the epidemic determines
that the impact of city blockade on pollutants tends to be non-linear. In
fact, environmental pollutants do not necessarily change immediately
after the outbreak of the Corona Virus Disease. The correlation between
the epidemic and pollutants usually reaches its maximum after 0-7 days.
To find out how many lag days behind the pollutants are the most
relevant to the Corona Virus Disease, this section uses the moving mean
function and spearman correlation function model to calculate the sta-
tistical significance and influence coefficient of the new cases of Lag 0,
Lag 3, Lag 5, and Lag 7 on the four pollutants.

In Fig. 2, pollutants that have significant correlation with each city
are listed in the form of influence coefficient curves under different lag
days. Only the correlation indicators that have passed the standard
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Fig. 2. Hysteresis of COVID-19 and environmental pollutants.



Q. Wang and S. Li

inspection are shown. The abscissa in the curve is 0 days, 3 days, 5 days
and 7 days lag, and the ordinate represents the correlation coefficient
value. It can be seen from the ordinate of the curve that the correlation
coefficient has positive and negative numbers. When the correlation
coefficient is positive, the larger the value, the stronger the correlation;
when the correlation coefficient is negative, the smaller the value, the
stronger the correlation.

On the one hand, we find the lag days corresponding to the
maximum correlation coefficient to figure out the best response time of
each city to the Corona Virus Disease. The most intuitive thing from the
whole, the correlation between pollutants and coronavirus disease rea-
ches its maximum after a certain number of lag days. The number of lag
days in different cities is heterogeneous. For Wuhan, London and
Mexico, new cases with a lag of 7 days had the greatest impact coeffi-
cient on pollutants. During the epidemic, there is a 7-day lag in the
change of pollutants in Wuhan. For New York, the effect of new cases on
pollutants was greatest at a 3-day lag, compared with a 0-day lag of 5
and 7 days. During the epidemic, there is a 3-day lag in the change of
pollutants in New York. For Milan, new cases with a lag of 7 days had the
greatest impact on the pollutant. That is to say, during the pandemic,
there was a seven-day lag in the change of pollutants in the city of Milan.
For Bandra, new cases with a lag of 3 days had the greatest impact co-
efficient: -0.915 in NO,, -0.774 in O3, 0.836 in SO,. These three co-
efficients are larger than the absolute values of the coefficients for the
remaining 0, 5, 7 lag days. So, we have reason to believe that there is a 3-
day lag in the change of pollutants in the city of Bandra during the
outbreak. Only Madrid and Tokyo had a response time of zero days to
COVID-19. This means that Madrid’s air pollutants did not lag the
outbreak.

On the other hand, the types of pollutants related to each city are
different. Among the pollutants to be studied, only the number of cases
in Madrid is related to the four pollutants. The new crown epidemic in
the remaining cities is only related to 2-3 pollutants. Specifically, the
epidemic in Wuhan and Mexico has a significant impact on NO3 and SO.
Milan has a significant influence on PMj 5 and O3 changes. NOs, O3, and
PM,, 5 reflect the epidemic situation in New York and London. NO,, O3
and SO, were significantly affected by Bandra and Tokyo. Madrid had a
significant effect on all four selected pollutants.

The above analysis illustrates the fact that the impact of the epidemic
on pollutants is often non-linear. For most cities, pollutants usually
change after a few days after the outbreak. Different cities have different
lag days. Judging from the lag effect of pollutants after the outbreak, the
lag days of pollutant changes in Wuhan, Milan, London and Mexico are
both 7 days, and the reaction time is the longest. The lag days in New
York and Bandra are both 3 days, and the reaction time is centered. The
response of the pollutants in Madrid and Tokyo is more immediate.

4. Heterogeneous effects of lockdown on air pollutants

Taking the start date of the lockdown to October 30 as the sample
interval, the analysis of four types of pollutant emissions in eight cities
from 2017 to 2020 will be analyzed and discussed in this chapter.
Among the selected years, 2020 is the observation year, and 2017-2019
is the control year. The reason for choosing the three years 2017-2019
for comparison is to reduce the impact of the particularity of a single
historical year. By comparing the pollutant content in 2020 with the
pollutant content in 2017, 2018 and 2019, we can clearly understand
the macroscopic impact of urban lockdown on pollutants.

The display of the bubble diagram and box plot will be displayed at
the same time. It is important to distinguish the different functions of the
two forms of graphs. The bubble diagram is only a macro view of the
overall emission of pollutants over the years. The boxplot is a statistical
analysis of the process of the specific numerical analysis. In this part of
the content, Section 4.1 will analyze the bubble chart of pollutants of
eight cities one by one. Sections 4.2-4.5 respectively introduce the
statistical variables of the four pollutants in each city. These will help to
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visually compare the inter-city changes of pollutants.
4.1. Pollutant intensity in eight typical cities

Fig. 3(a-h) shows the emission intensity of four pollutants in eight
typical cities in the form of bubble diagram. On the one hand, the
location of the bubble diagram represents the size of the pollutant
content. On the other hand, the depth of bubble color represents the
density at this content. Some findings in the emission intensity of each
city since 2017 are revealed.

The first is the comparison of the intensity of pollutants in Wuhan (as
shown in Figure (a)). The emission charts of four pollutants in Wuhan
are shown in yellow, red, green and blue. After comparison with pre-
vious years, NO,, PMy 5 and SO, showed significant decreases in the
observation period in 2020. The decline of NOy is more obvious. The
pollutant rising during the observation period is Os. In New York City,
NO,, O3, PM; 5 and SO, are shown in yellow, green, black and red. As
can be seen from the figure, only the intensity of NO3 and PM3 5 showed
sudden changes in 2020, and both presented a downward trend. The
other two pollutants did not differ significantly by 2020 (as shown in
Figure (b)). In Milan, the two most variable pollutants are NO5 and Os.
Where, the strength of NO; decreases while that of Os increases.
Although SO, is also different from previous years, the degree of change
is not obvious (as shown in Figure (c)). In Madrid, there were significant
decreases in NO, and Oz in 2020. The decrease of NO, is more drastic
than that of O3. There was no significant change in PM; 5 and SO, (as
shown in Figure (d)). In Bandra, NO,, O3 and PM; 5 showed a significant
decrease in 2020, while SO, showed no difference from previous years
(as shown in Figure (e)). In London, the concentrations of NO,, O3 and
PM; 5 have all declined significantly in 2020. Although the concentra-
tion of SO, has increased, the absolute increase is small (as shown in
Figure (f)). In Tokyo, the emissions of the four pollutants in 2020 have
all reduced to varying degrees. Compared with historical years, the
decline of NO5 and SO is the most obvious, while that of O3 and PMj 5 is
relatively slight (as shown in Figure (g)). In Mexico City, the content of
NO; and SO has shown a significant decline in 2020. The changes in O3
and PM, 5 in 2020 are not obvious from a macro perspective (as shown
in Figure (h)).

Bubble diagrams show only general differences, and the exact
magnitude needs to be calculated statistically. According to the above
analysis, NO2 showed a uniform decline in 2020 in all the eight cities.
The decline was widespread in the selected cities. In addition, PMj 5
intensity dropped significantly in the five cities. It’s worth noting that,
there was little change in SO, in almost all the cities observed. The
variation of Os intensity in 2020 is unstable. Three cities went down,
four cities went up. Further analysis is needed.

4.2. Nitrogen dioxide

Nitrogen dioxide (NOy) floating in the atmosphere can cause acid
rain and respiratory infections. This study selected the NO5 content in
the air of eight major cities since its lockdown in 2020 as observation
samples. In addition, NO, from the same date and in 2017-2019 years
were also used as a control group. From the analysis given in Fig. 4, The
quartile range, median range of NO, emissions in each city and year are
clearly displayed. To judge scientifically, this study uses the upper and
lower values of the data distribution within the 95 % confidence interval
as the standard for comparison.

The average concentrations of NO, in Wuhan from 2017 to 2019 are
38 ppb, 36 ppb, 34 ppb, respectively. And in 2020 this value changes to
22 ppb, with the drop rate of 35 %-42 %. Like Wuhan, other cities all
experienced significant declines in 2020 during the observation period.
Specifically, Bandra has the highest NO, decline (70%-72%), followed
by Madrid (61%-64%). London’s NO5 content was 42 ppb, 44 ppb, and
31.5 ppb in the order of 2017-2019, and it plummeted in 2020, reaching
17.8 ppb (45%-61%). The pollutants in New York fell from 19 ppb in
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2019 to 12 ppb in 2020, with a decline of 37 %. Milan and Mexico City’s during the lockdown period.

NO; change rate are second only to New York, with 30 %-43 % and NO; produced by human activities are mostly concentrated in cities,
18%-46% respectively. Tokyo has the smallest decline, at 23%-32%. industrial areas and densely populated areas (Zoran, Savastru, Dan, &
From this data analysis, the NO, emissions of all cities have decreased Tautan, 2020). According to existing research statistics (Maria Cristina
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Collivignarelli et al., 2020), the amounts produced by high-temperature
fuel combustion and city car exhaust accounts for more than 90%, and
the remaining 10% mainly comes from chemical production (Otmani,
Benchrif, Tahri, Bounakhla, & Krombi, 2020). For all eight cities, the
reason for the consistent decline in NO, is related to both. On the one
hand, the lockdown has greatly reduced the frequency of motor vehicle
travel. The reduction of exhaust gas plays a vital role in the reduction of
NO;. On the other hand, some factories were closed during the lock-
down, which also curbed production of NO,.

Of all the cities, Bandra saw the largest decline. The reason for this
phenomenon is closely related to the historical pollution performance of
this city. Mumbai, to which Bandera belongs, is shrouded in haze all year
round and is one of the most polluted cities in the world. Since the
lockdown began on March 25, all factories, shops and religious sites
have been closed, public transportation and construction activities have
been suspended, and people across the country have been asked to stay
at home and maintain social distance. This kind of high-strength
blockade measures has made a lot of efforts for the improvement of
air quality. This resulted in significant differences in NOy content
compared with the historical period. Madrid has also seen significant
declines due to historical pollution. In the past few years, Madrid has
repeatedly used the Agreement on High Nitrogen Dioxide Pollution and
has even been sued by the European Union for excessive NO5 pollution.
Except for these two cities, the concentration of nitrogen dioxide in the
remaining cities has shown a general decline of 30%-40%, which is a
normal level caused by the lockdown.

4.3. Particulate matter

Particulate matter refers to particles with an aerodynamic equivalent
diameter of 2.5 microns or less in ambient air. It can be suspended in the
air for a long time. The higher the concentration in the air, the more
serious the air pollution (Yao et al., 2002). Fig. 5 compares the content of
PM, 5 in the air during the observation period in various cities. Wuhan,
Milan, Bandra, London, Tokyo and Mexico City all experienced a drop in
PMS, 5 concentration during the 2020. However, the PMj 5 concentration
in two cities (New York and Madrid) in 2020 did not show anomalies

250| Wuhan 05| New York

2020 2019 2018 2017 2020 2019

—
) | €

80| Madrid

60
40 —

2020 2019 2018 2017

2020

03 ( unit: ppb )

—T—

100 { London 120{ Tokyo
S0 100
= = 80
& 60 &
£ 5 60
= E
Zw 2
= _ _ - _ mm
i - = FHS _
a5 - -
20
20
o o

03 ( unit: ppb)
EEE]
_ 03 (unit: ppb)
|
|
|
|
5._
|
|
o
03 ( unit: pph )
|
|
|
|
|
-
|
|
|
|
H]

25%-~75%
Range within 1.5IQR
Median Line

95% Confidence

s0
g 60 = | - 2019
- boir
- — oz
bty S 40 - - 2018
- — — o
goie
20

Sustainable Cities and Society 65 (2021) 102629

with the past.

Specifically, among the six cities that experienced a decline in PMy 5
during the lockdown, Bandra had the largest decline, followed by Lon-
don, Wuhan and Tokyo. The decline rate in these three cities ranges from
10% to 32%. Bandra fell from 75 pg/m in 2019 to 58 pg/m in 2020. The
content of PMy 5 in London fell from 50 pg/m in 2019 to 45 pg/m in
2020. Wuhan fell from 135 pg/m in 2019 to 114 pg/m in 2020. The rate
of decline in Tokyo is a minimum of 12% to a maximum of 27%.
Although the PM; 5 in Milan and Mexico City have fallen from previous
years, the decline is not significant enough. The reduction in PMys is
inextricably linked to the traffic control imposed by the lockdown
(Chauhan & Singh, 2020). In fact, the lockdown of the city limits local
traffic and the burning of building fuel, which inhibits the production of
PM, 5. In addition, it is worth noting that the nitrogen oxide emissions of
these cities have decreased significantly, which also restricts the indirect
conversion of nitrogen oxides to PMy 5.

For New York and Madrid, the PMy 5 content during the closure
period is basically the same as that of 2017-2019. This phenomenon in
the New York area has a necessary relationship with the rebound of
sulfides during the closure of the city. And for Madrid, the PMs 5
reduction caused by the closure of the city is offset by the increase in
PM, 5 generated by family activities (such as home heating and biomass
burning).

4.4. Ozone

O3 is a colorless gas with a special smell. In the near-surface layer, O3
is produced by automobile exhaust, forest fires, volcanic eruptions, and
nuclear explosions. Fig. 6 plots the O3 emissions of the eight cities during
the lockdown. In the sample surveyed, O3 levels in the five cities in 2020
were not significantly different from those in 2017-2019. In a few cities,
the O3 content appears to increase.

Wubhan is the city that has seen an upward trend during the survey
period. In Wuhan, O3 underwent a 17 % ascent rate compared to
2017-2019. During the epidemic, the O3 concentration increased is not
a new discovery in the academic world. Existed studies have confirmed
that, part of the O3 emission is related to the concentration of NOy
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(Sicard, Marco, Agathokleous, Feng, & Calatayud, 2020). As a photo-
chemical product, due to the non-linear characteristics of the ‘chain
reaction’ of photochemical reactions, the O3 concentration will often be
opposite to the changes in nitrogen oxide emissions. Specifically, ni-
trogen oxides have the effect of consuming free radicals. When the
concentration of nitrogen oxides in the air drops, free radicals in the
atmosphere are forced to react with other contents, and under the action
of photochemical reactions, the production of ozone is increased. Thus,
the decrease in the content of NO; in the air will increase the titer of O3
in the air. Due to the reduction of local NO, by road transportation, the
titer of O3 in the atmosphere is also reduced (Li et al., 2017). This
became the main reason for the increase in O3 content during the
lockdown period.

Overall, it remained constant concentration in London, Milan, New
York, Mexico and Tokyo. In the other samples surveyed, O3 levels have
decreased significantly. In fact, a 10% drop rate appears in Madrid (from
42 ppm in the 2019 period to 38 ppm in the 2020 period). According to
some investigations, the lockdown period has increased the intensity of
home activities. O3 emissions from household and garden activities are
the main reason.

4.5. Sulfur dioxide

Sulfur dioxide (SO5), as one of the main pollutants in the atmosphere,
is the most common, simple, and irritating gas (Savard, Bégin, & Parent,
2002). Sources of SO, pollution include the combustion of coal and
petroleum, the discharge of hydrogen sulfide in oil and gas well oper-
ations, and production processes such as chemical, oil refining, and
sulfuric acid plants (Otmani et al., 2020). Due to the single source of
production, the atmospheric content of SO is the least relative to several
other pollutants (Nirel & Dayan, 2001). It is for this reason that there
was no significant fluctuation in atmospheric SO emissions during the
closure of the city (compared to the same period in history).

Fig. 7 shows the SO, content in eight cities during the observation
period. Except for Wuhan, London, Milan and Tokyo, the SO5 content of
the remaining five cities are stable with the historical content value,
indicating that SO, has not been affected by the closure of the city.

Tokyo and Wuhan have a significant decline in SO, content in 2020,
with a decrease of 57%-63% and 6%-33% respectively. Sulfur dioxide
in London and Milan increased slightly. The cause of this situation may
be related to continuous heating. To cope with the cold, the heating
equipment in some cities has not been shut down due to the lockdown of
the city. This also makes the SO, emissions caused by fuel combustion
basically the same as in previous years.

5. Conclusion

The outbreak of the new coronavirus has forced major cities around
the world to adopt lockdown measures to respond, which indirectly
affected the content of air pollutants. Through the historical data survey
of eight cities and four air pollutants, two following findings were made.

First, the city lockdown had a non-linear impact on air pollutants,
specifically manifested in hysteresis. Air pollutants in different cities
usually different lag days after an outbreak occurs. By comparing the
maximum correlation coefficient, the response time of pollutants in
Wuhan, Milan, London and Mexico to the pandemic was seven days,
with the longest response time. In Both New York City and Bandra, there
were 3 lag days, with middle response time. The response time of pol-
lutants in Madrid and Tokyo was more immediate. Second, the impact of
the lockdown on different pollutants was heterogeneous, rather than a
single increase or decrease. From the general law, NOy showed the
largest decline during 2020 lockdown, followed by PM;s. O3 was in-
clined to increase at a slow rate, because of the photochemical chain
reaction caused by the decline of NO,. The change of SO was the least
obvious among four pollutants.

The investigation of this study had enriched the link between the
Corona Virus Disease and pollutants. It clearly demonstrated that the
reduction of traffic volume would significantly reduce the emissions of
NO; and PMy 5. To a certain extent, the lockdown caused by the coro-
navirus only reduces nitrogen dioxide and particles but does not solve
the ozone problem. In the absence of other stimuli, O3 would indirectly
affected and increases in this process. This suggested that reducing
traffic pollution and limiting other anthropogenic activities were the
most effective way to help improve air quality. At the same time,
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additional work needs to be done to reduce O3 and SO,.
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