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A B S T R A C T   

Since early 2020, the world has faced an unprecedented pandemic caused by the novel COVID-19 virus. In this 
study, we characterize the impact of the lockdown associated with the pandemic on air quality in six major cities 
across the state of Florida, namely: Jacksonville, Tallahassee, Gainesville, Orlando, Tampa, and Miami. Hourly 
measurements of PM2.5, ozone, NO2, SO2, and CO were provided by the US EPA at thirty sites operated by the 
Florida Department of Environmental Protection during mid-February to mid-April from 2015 through 2020. To 
analyze the effect of the pandemic, atmospheric pollutant concentrations in 2020 were compared to historic data 
at these cities during the same period from 2015 to 2019. Reductions in NO2 and CO levels were observed across 
the state in most cities and were attributed to restrictions in mobility and the decrease in vehicle usage amid the 
lockdown. Likewise, decreases in O3 concentrations were observed and were related to the prevailing NOx- 
limited regime during this time period. Changes in concentrations of SO2 exhibited spatial variations, concen
trations decreased in northern cities, however an increase was observed in central and southern cities, likely due 
to increased power generation at facilities primarily in the central and southern regions of the state. PM2.5 levels 
varied temporally during the study and were positively correlated with SO2 concentrations during the lockdown. 
In March, reductions in PM2.5 levels were observed, however elevations in PM2.5 concentrations in April were 
attributed to long-range transport of pollutants rather than local emissions. This study provides further insight 
into the impacts of the COVID-19 pandemic on anthropogenic sources from vehicular emissions and power 
generation in Florida. This work has implications for policies and regulations of vehicular emissions as well as 
consequences on the use of sustainable energy sources in the state.   

1. Introduction 

In the beginning of the year 2020, the world was confronted with the 
COVID-19 outbreak, which was declared a pandemic by the World 
Health Organization (WHO) in February 2020 (WHO, 2020). The first 
cases of this novel virus were reported in Wuhan City, China in 
December 2019 (Zhu et al., 2020) but rapidly spread around the world 
in early 2020 (WHO, 2020). A year later, the pandemic was further 
escalating with third waves occurring in many countries around the 
globe. By mid-February 2021, there were already ~2.4 million deaths, 
and ~109.4 million cases on a global scale (WHO, 2021). 

Most countries worldwide have taken immediate measures and 
enforced quarantine to reduce the spread of the virus. With most of the 
world in a mandatory quarantine, the COVID-19 pandemic has influ
enced the mobility and traffic loads in most cities all over the world (e.g., 

Parr et al., 2020). Further, changes in the patterns of energy consump
tion and generation were reported (Le Quéré et al., 2020). From an 
environmental perspective, the mandatory lockdowns and reductions in 
economic activity associated with the COVID-19 pandemic have 
reportedly improved environmental conditions in many countries. 
Several studies report improvements in water quality (Nir
oumand-Jadidi et al., 2020), reductions in greenhouse gas emissions 
such as carbon dioxide (Le Quéré et al., 2020; Zheng et al., 2020; Nguyen 
et al., 2021), and enhanced skyglow (Jechow and Hölker, 2020) due to 
reduced air pollution (Ventera et al., 2020). 

Globally, air pollution is responsible for the death of approximately 7 
million people on an annual basis (WHO, 2016). In the United States, the 
Environmental Protection Agency (US EPA) monitors six atmospheric 
pollutants, named criteria pollutants, through the National Ambient Air 
Quality Standards (NAAQS) due to their detrimental impacts on human 
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health as well as the environment (Esworthy, and McCarthy, 2013). 
These include particulate matter with aerodynamic diameter less than 
2.5 μm (PM2.5), nitrogen and sulfur dioxides (NO2 and SO2, respec
tively), carbon monoxide (CO), and ozone (O3). NO2 is a primary 
pollutant that is mainly produced from vehicular emissions, and has 
therefore exhibited wide reductions during the lockdowns (Hoang et al., 
2021), as evident from ground-level measurements (Berman and Ebisu, 
2020; Zangari et al., 2020) and remote sensing data (Karaer et al., 2020; 
Elshorbany et al., 2021). CO is also a primary pollutant, emitted directly 
due to combustion, that has displayed a decline in its concentrations 
during the lockdowns (Chen et al., 2020). SO2 is generated mostly from 
fossil fuel burning in power generation leading to inconsistent patterns 
during the lockdown (Bekbulat et al., 2021) as a result of variations in 
power generation during this period. Particle pollution has been 
strongly and consistently shown to be associated with harms to human 
health due to short- (Achakulwisut et al., 2019) and long-term exposures 
(Burnett et al., 2018; Lelieveld et al., 2020). Overall, studies have sug
gested a decrease in PM2.5 concentrations as a result of the lockdown (e. 
g., Tanzer-Gruener et al., 2020; Le et al., 2020). Finally, O3 is a sec
ondary photochemical pollutant that is formed from NO2 photolysis as a 
result of oxidation of volatile organic compounds (VOCs) in the presence 
of NO. During the lockdown, concentrations of O3 have increased in 
many cities around the globe (Sicard et al., 2020), possibly due to pre
vailing high-NOx photochemical regimes found in many urban areas 
(Elshorbany et al., 2009b). 

Air quality in the state of Florida is of interest because almost 25% of 
the state’s population are elderly and may represent a particularly 
vulnerable group for exposures to atmospheric pollutants (Delfino et al., 
2013). The state has a population of almost 20 million people and its 
population growth rate is amongst the fastest in the US (US Census 
Bureau, 2019). For this study, we selected six cities that are diverse in 
terms of their location, population, and air pollution sources. Jackson
ville is an industrial city that lies on I-95 highway that connects northern 
and southern regions of the eastern US and has a population of 890,467 
people (~1.5 in the metropolitan area). Miami is in southern Florida, a 
well-known urban city and a tourist attraction with a population of 454, 
279 people (~2.72 in the metropolitan area). Orlando and Tampa both 
lie in central Florida, while the former is inland, the latter is a coastal 
city, with city populations of 280,832 and 387,916 (~2.51 and 3.10 in 
the metropolitan areas), respectively. Tallahassee, with a population of 
191,279 people, lies on the Gulf of Mexico. Gainesville is the least 
populated and has a population of 132,127 people and is an inland city. 
Overall, Jacksonville, Tampa, Orlando, and Miami are located within 
the biggest metropolitan areas in the state. Tallahassee represents the 
capital of Florida, and with Gainesville, provides a representation of 
smaller sized cities in the state. The cities also span from Jacksonville 
and Tallahassee near the Georgia border to Miami, near the southern 
extent of the state. Based on the state of the air report issued by the 
American Lung Association, O3 and PM2.5 are within unhealthy levels in 
several of these Florida cities (American Lung Association, 2020) posing 
a danger due to long-term exposure (Burnett et al., 2018; Lelieveld et al., 
2020). 

On March 9, 2020, the Florida Governor issued an Executive Order, 
declaring the state of emergency due to COVID-19 virus. Shortly after, 
during March 12th to 17th, all restaurants, amusement parks, bars, and 
stores were closed to control the spread of the virus, lasting until mid- 
April in most of the regions in Florida. As a result, a few studies have 
attempted to characterize the impact of the COVID-19 pandemic lock
downs on air quality in the state. However, these were conducted either 
by using remote sensing data (Elshorbany et al., 2021; Karaer et al., 
2020), or on a relatively low temporal resolution (Bekbulat et al., 2021), 
or focused primarily on few criteria pollutants (e.g., Karaer et al., 2020). 
Hence, these studies lack the capability to explain the overall processes 
that govern air quality on a city level. This high scale characterization is 
especially important in human health exposure studies. 

In this paper, we investigate the effect of the COVID-19 pandemic 

lockdowns on air quality in the state of Florida. Using ground-level 
regulatory monitoring measurements, we investigate daily pollutant 
concentrations in six major cities in Florida before and during the 
pandemic in 2020, and compare levels of atmospheric pollutants in 2020 
during the lockdown to their corresponding historic averages in the last 
five years from 2015 to 2019. Potential causes of changes in pollutants 
concentrations are investigated. We use this natural experiment to 
provide insight into the potential drivers responsible for the formation of 
gaseous and particle atmospheric pollutants in Florida including 
vehicular and power generation emissions. To the best of our knowl
edge, this is the first study to characterize the impacts of the COVID-19 
pandemic on five different criteria pollutants at high spatial and tem
poral resolutions in the southeastern US. 

2. Methods 

2.1. Measurement locations 

Data was collected from thirty monitoring stations in 16 counties 
around six metropolitan areas in Florida. These cities represent northern 
Florida: Jacksonville, Tallahassee, and Gainesville; central Florida: 
Orlando and Tampa, and southern Florida: Miami. Fig. S1 depicts all the 
sites used in the analyses. A full list of sites at each city including the 
longitude, latitude, the site’s Air Quality System identification number 
(AQS ID#) in addition to the specific pollutants measured at this site is 
shown in Tables S1 through S6. 

2.2. Criteria pollutants 

Hourly PM2.5, CO, O3, NO2, and SO2 measurements from 30 moni
toring stations were acquired from the US EPA (https://aqs.epa.gov/ap 
i) from mid-February to mid-April for the years 2015–2020. Data were 
aggregated by city and pollutant, and 24-h averages were calculated for 
each day either in 2020 or as an average across 2015–2019. Analyses 
conducted throughout this study are based only on periods where no 
precipitation was reported (i.e., 97% of hours). This method was 
adopted to ensure that concentration changes were not due to dilution as 
a result of rainfall. The study period was divided into two periods lasting 
for one month each, namely the “Pre-lockdown” and the “Lockdown” 
periods corresponding to February 15th to March 15th and March 15th 
to April 15th, respectively. The former pertains to the period prior to the 
lockdown and the latter was chosen to capture the period in which the 
state was under lockdown. The Lockdown period was chosen because it 
corresponded to a complete shutdown across the state, after which 
central and northern regions of Florida were not completely closed, 
whereas there was still a complete shutdown in the southern portion of 
the state with higher infection rates (Glanz et al., 2020). 

2.3. Ancillary measurements 

Meteorological data: Wind speed, wind direction, and precipitation 
were acquired from the Florida Automated Weather Network (FAWN) 
operated by University of Florida, Institute of Food and Agricultural 
Sciences (https://fawn.ifas.ufl.edu/; Lusher et al., 2008) at their 44 
stations across the state from mid-February to mid-April for the years 
2015–2020 at their corresponding sites. Point measurements were re
ported every 15 min. Wind speed and direction data acquired from 
multiple sites (within ~10 km of the EPA monitoring sites) per city were 
24-h averaged and were used to create the bivariate polar plots. Pre
cipitation data was used to determine periods of rainfall. 

Power generation data: The net power generation data of Florida 
from different sources were acquired by the International Energy 
Agency (IEA, 2020) at https://www.eia.gov/realtime_grid/and 
https://www.eia.gov/environment/emissions/state/. These were used 
to determine trends in power generation to investigate their link to at
mospheric pollutants. 
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Apple mobility data: The transportation data were acquired by the 
Apple Mobility Trends data (Apple Mobility Trends Reports, 2020) at 
https://www.apple.com/covid19/mobility/. These were used to deter
mine trends in vehicle usage to characterize the impact of mobility on 
atmospheric pollutants. 

2.4. Bivariate polar plots 

Bivariate polar plots were plotted using R package entitled ‘openair’ 
(Carslaw and Ropkins, 2012; Carslaw, 2013) which associates concen
trations of a pollutant to local wind speed and wind direction. Using 
smoothing techniques, both wind speed and direction are modeled as a 
continuous surface to determine the wind directions and speeds asso
ciated with higher concentrations at a specific location. A detailed 
explanation of creating these pollution plots is reported elsewhere 
(Carslaw et al., 2006; Carslaw, 2013). In our case, the inputs to the 
model included average pollutant concentrations together with wind 
speed and wind direction pertaining to a specific city from various sites 
located at that city. 

2.5. Statistical analyses 

The statistical significance of the changes observed in the daily 
average concentrations of the five pollutants in 2020 compared to his
toric data (daily average of data from 2015 to 2019) was tested sepa
rately for each city and pollutant using a linear mixed-effects model 
(LME model) to account for possible autocorrelation in the sampling 
data. Data were assessed for normality and transformed, as needed, to 
meet model assumptions (see Supplemental Information for more 
detail). Statistical analyses were conducted in MATLAB (MathWorks, 
Inc., Natick, MA, Version R2018A). 

3. Results and discussion 

3.1. Effect of lockdown on atmospheric pollutants 

An overview of meteorological data at the six cities including pre
cipitation, relative humidity, and wind speed during the Lockdown 
period is shown in Figs. S2, S3, and S4, respectively. 

To evaluate the effect of the lockdown due to the COVID-19 
pandemic on air quality in six cities in Florida, boxplots of daily 
criteria pollutant concentrations during the Lockdown period in 2020 
were compared to their five-year (2015–2019) average observations 
during the same time period (Fig. 1). The latter period henceforth is 
referred to as the “Lockdown_Historic” and the former period is referred 
to as the “Lockdown”. Based on the results of the LME model, we found 
that for most cities and pollutants, there was a statistically significant 
change in concentrations in 2020 compared to the Historic period dur
ing the Lockdown (Table S7). Those cities and pollutants for which there 
was not a significant change are noted on Fig. 1. To provide additional 
evidence that changes observed were associated with the lockdown, we 
have also compared concentrations of pollutants during the Pre- 
lockdown period in 2020 to their corresponding five-years historic 
concentrations (2015–2019; see Table S8). We observed fewer statisti
cally significant changes in pollutant concentrations between the Pre- 
lockdown periods in 2020 compared to the historic period, suggesting 
that the changes in concentrations during the Lockdown period are 
attributed primarily to the impact of the lockdown on air quality. To 
gain a better insight into the magnitude of the changes in pollutant 
concentrations we observed across Florida during the lockdown, we 
calculated the percent changes in median daily pollutant concentrations 
in each city over the lockdown period in 2020 compared to the historic 
period, as shown in Fig. 1g. 

Fig. 1a shows that median NO2 concentrations have decreased at all 
sites in northern, central, and southern Florida during the lockdown in 
2020 compared to the historic period (also see Table S7). On average, 

the observed decrease in NO2 concentrations across Florida was 25.2 ±
9.2% (±1σ, where σ is the standard deviation of the percent change 
between cities; Fig. 1g). Similarly, CO concentrations demonstrated a 
decrease during the lockdown compared to the historic period and a 
wider range of decreases across the entire state (Fig. 1b). The largest 
decreases in CO concentrations were observed in central and southern 
Florida in Orlando (27.3%) and Miami (24.2%), while the decreases in 
northern Florida were less than 15% (Fig. 1g). Differences observed in 
NO2 and CO levels between cities are likely due to the population dif
ferences amongst the cities, leading to differences in mobile emissions. 
This might explain why the reductions in NO2 and CO were most pro
nounced in central and southern Florida, the two regions with the 
highest population in the state. Additionally, the stay-home orders were 
not strict in all cities, for example, the orders were stricter in Miami as 
opposed to Orlando (Glanz et al., 2020), hence the stronger reductions 
observed in the south compared to the central parts of the state. A 
decrease of both NO2 and CO was observed during the COVID-19 
pandemic in several countries around the world such as Kazakhstan 
(Kerimray et al., 2020), Brazil (Nakada and Urban, 2020), India (Sharma 
et al., 2020), and Italy (Collivignarelli et al., 2020), due to reductions in 
the use of vehicles during the worldwide COVID-19 lockdowns. Similar 
decreases in NO2 and CO levels were reported in Florida using ground 
level data (Shakoor et al., 2020). 

Similarly, O3 decreased at all sites in Florida during the Lockdown 
period compared to historic averages (Fig. 1c) by about 12.4 ± 3.1% 
across the state (Fig. 1g). These changes in O3 concentrations due to the 
lockdown in Florida are different from what was observed for O3 con
centrations in many other locations outside of the US. For instance, O3 
concentrations increased in China (Li et al., 2020), India (Sharma et al., 
2020), Brazil (Nakada and Urban, 2020; Dantas et al., 2020), Spain 
(Tobias et al., 2020), and Italy (Collivignarelli et al., 2020) despite the 
significant reductions in NO2 concentrations in these locations. These 
results indicate that the secondary formation of ozone in Florida is 
NOx-limited while it is predominantly VOC-limited in other reported 
regions (Elshorbany et al., 2021; Cazorla et al., 2020). These results are 
in accord with satellite data reporting similar decreases in NO2, CO, and 
O3 levels across Florida (Elshorbany et al., 2021). 

Concentrations of SO2 (Fig. 1d) exhibited a different spatial vari
ability than NO2, O3, and CO. By comparing the median of SO2 levels 
during the lockdown in 2020 to levels in the Historic period, a signifi
cant decrease was observed in Jacksonville and Tallahassee (44.1% and 
52%, respectively) in northern Florida, opposed to an increase in central 
and southern Florida (87.2% in Tampa and 26.3% in Miami; 15.4% in 
Orlando, not statistically significant), during the Lockdown period 
compared to the Lockdown_Historic period (Fig. 1g). Worldwide, no 
clear spatial variability was reported for SO2 levels in previous studies 
during COVID-19’s lockdown. For instance, Li et al. (2020) observed a 
significant reduction in SO2 levels, while other studies provide no evi
dence for any change in SO2 concentrations, e.g., Italy (Collivignarelli 
et al., 2020), India (Sharma et al., 2020), and Spain (Tobias et al., 2020). 
Decreases in SO2 were previously observed in Florida (Shakoor et al., 
2020), but these values did not take into account the spatial variations 
we report herein. 

Over the full lockdown, most cities showed no statistically significant 
difference in PM2.5 concentrations compared to the Historic period; only 
Jacksonville showed a statistically significant increase in concentra
tions. However, PM2.5 concentrations showed an interesting temporal 
distinction between the last two weeks of March and the first two weeks 
of April during the Lockdown period. PM2.5 concentrations from the 
15th to 30th March, and 1st to 15th April will be henceforth referred to 
as PM2.5(March) and PM2.5(April), and are shown in Fig. 1e and f, respec
tively. For PM2.5(March) concentrations, statistically significant re
ductions were observed in Miami (21.6%) and Tampa (16.6%), but 
concentrations significantly increased by 62.7% in northern Florida in 
Jacksonville (Fig. 1g). On the other hand, concentrations of PM2.5(April) 
increased at all cities with the highest increase of 128.7% observed in 

M.M.H. El-Sayed et al.                                                                                                                                                                                                                        

https://www.apple.com/covid19/mobility/


Environmental Pollution 285 (2021) 117451

4

Fig. 1. Boxplots of daily (a) NO2, (b) SO2, 
(c) CO, (d) O3, (e) PM2.5(March), and (f) PM2.5 

(April) concentrations in Jacksonville, Talla
hassee, Gainesville, Orlando, Tampa, and 
Miami during 15th March to 15th April 
2020, whenever data is available. For each 
site, median (horizontal line), 25th and 75th 
percentiles (lower and upper box values), as 
well as 5th and 95th percentiles (vertical 
lines) are shown. Boxplots in red color 
pertain to datasets in the “Lock
down_Historic” period as daily averages 
across 2015–2019 and blue boxplots are 
those corresponding to datasets in the 
“Lockdown” period in 2020. Blue, green, 
and red shading represent northern, central, 
and southern regions of Florida, respec
tively. (g) Percent change in median O3, 
PM2.5, NO2, SO2, and CO concentrations in 
all cities during the Lockdown period in 
2020 compared to Lockdown_Historic con
centrations. Note that PM2.5 concentrations 
are divided into PM2.5(March) in dark green 
color and PM2.5(April) in light green color. 
NS: represents cities where a pollutant did 
not exhibit a statistically significant change 
in mean concentrations compared to the 
Historic period according to the LME model. 
(For interpretation of the references to color 
in this figure legend, the reader is referred to 
the Web version of this article.)   
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Jacksonville followed by smaller and statistically insignificant re
ductions in the other cities (Fig. 1g). PM2.5 concentrations displayed a 
decrease in most cities around the world as a result of the lockdown, 
although the decrease was more pronounced in China compared to that 
in Europe (Sicard et al., 2020; Chauhan et al., 2020). 

The reason(s) for the increase in PM2.5(April) we observe herein is(are) 
unclear; however, it should be noted that the chemistry of PM2.5 is 
complicated as it is affected by several factors (Kroll et al., 2020). 
Interestingly, while PM2.5(March) showed an inverse relation with SO2, 
SO2 was positively related to PM2.5(April) (Fig. 1g, Table S9). These ob
servations may suggest that formation of PM2.5(March) sulfate aerosols 
was oxidant limited, i.e., abundant SO2, which may be due to short range 
transport and local sources in central and southern Florida. This argu
ment is supported by our previous observations of decreases in NO2 
concentrations across Florida while SO2 concentrations were enhanced 
in central and southern regions, and the fact that PM2.5 was correlated to 
SO2 and NO2 in the Lockdown and Pre-lockdown periods, respectively 
(Table S9). Conversely, the opposite behavior of SO2 and PM2.5 was 
observed during March in the north. On the other hand, PM2.5(April) 
increased everywhere in Florida which may have been related to 
increased emissions from local sources, such as power plants, long-range 
transport from other regions, as well as by westerly winds. 

3.2. Factors affecting air quality amid lockdowns 

In this section we investigate possible reasons for the changes we 
observed in the concentrations of the studied criteria pollutants. In what 
follows is a detailed investigation of each of these plausible scenarios. 

3.2.1. Effect of pollution transport 
Due to the disparities we observed in the behavior of PM2.5 con

centrations due to the lockdown in late March and early April, especially 
the inverse relationship between SO2 and PM2.5(March), we further 
investigate the transport of pollutants as a potential explanatory factor, 
using Hybrid Single-Particle Lagrangian Integrated Trajectory model 
(HYSPLIT) back trajectories, bivariate polar plots, and wind analyses. 
The analyses will help understand the role of pollution transport on the 
spatial distribution of atmospheric pollutants in Florida. 

We employed analyses of back trajectories using the HYSPLIT model. 
The Lockdown period was split into two periods: March 15th – 30th and 
April 1st – 15th, and 72-hr back trajectories were run for each day at 
each of the six cities (15 trajectories in each period, per city). As shown 
in Fig. S5, air mass transport exhibited two distinct behaviors in the two 
split periods. In central Florida, back trajectories in March were mostly 
originating from the Atlantic Ocean flowing through the Gulf of Mexico. 
In southern Florida, air masses in March originated only from the 
Atlantic Ocean. However, air masses impacting Jacksonville in March 
show some influence of long-range transport from other regions in the 
US. Air masses from the Atlantic Ocean are either clean or carrying 
Saharan dust (Holloway et al., 2003); however, our study period took 
place before the Saharan dust season, therefore we do not expect dust to 
contribute to our results. Northern Florida seems to be hugely impacted 
by air masses from southern and central Florida, while central Florida is 
impacted only by air masses from southern Florida and the Atlantic 
Ocean. These results may explain the elevated PM2.5 concentrations in 
northern Florida during the Pre-lockdown period extending into the 
Lockdown period. 

In April, on the other hand, in addition to air masses from the 
Atlantic Ocean, Fig. S5 shows influences of long-range transport from 
other western regions of the US (at least 5 out of 15 days at all cities) 
which corresponded to the highest daily average concentrations 
observed during this period. This could be the reason behind the 
increased PM2.5 concentrations over all cities in Florida in April. While 
our study period did not involve major wildfires in the US (Cal Fire, 
2020); however, wildfires seemed to have an impact on aerosol loadings 
on a global scale (Sanap, 2021). Detailed and more robust measurements 

must be conducted to address whether these influences were due to 
wildfire emissions. 

Fig. 2 depicts the bivariate polar plots of O3, PM2.5, and NO2 at 
northern, central, and southern Florida. CO and SO2 data were insuffi
cient to construct similar plots. Bivariate polar plots of PM2.5 concen
trations emphasize that concentrations in March were lower than those 
in April in 2020. April polar plots of PM2.5 concentrations show that the 
highest concentrations (20–30 μg m− 3) were associated with winds from 
the south and southwest directions and for high wind speeds of up to 20 
mph in Tampa, Orlando, and Jacksonville. In Miami, bivariate polar 
plots in April provide evidence for multiple PM2.5 paths. One path is due 
to air masses from the south and southwest directions at wind speeds 
approximately 10 mph similar to the other cities, but an additional path 
originating from the north and northwest directions occurs at wind 
speeds of approximately 10 mph. These observations emphasize the 
impact of air pollution from southern Florida on central parts of the state 
as discussed above. This argument is supported by the relatively strong 
correlations in PM2.5 concentrations between Miami and each of the 
following cities in central Florida: Orlando (r = 0.59) and Tampa (r =
0.69) (Table S10), and is also supported by Orlando and Tampa HYSPLIT 
back trajectories (Fig. S5), which pass through Miami before they impact 
cities in central Florida. It could be deduced from these observations that 
except for some air masses impacting central Florida from northern 
states and possibly Texas, central Florida might be largely affected by 
conditions in the south. Moreover, the impact of south and central 
Florida air masses on northern Florida cities, i.e., Jacksonville and 
Tallahassee were observed in March’s back trajectories (Fig. S5). Hence, 
we cannot rule out the effect of transport of air masses from Miami as 
this seems to play a critical role in the air quality of central and northern 
Florida. Wind analyses reveal that PM2.5 concentrations in April 
exhibited a positive correlation with wind speed in central and southern 
Florida (Figs. S6, S7, and S8), as wind speeds increase, concentrations of 
PM2.5 increased as well, indicating a transport effect on PM2.5(April) 
levels. 

O3 concentrations display a regional pattern (Fig. 2) with higher 
concentrations of about 40 ppb observed at relatively high wind speeds 
and lower concentrations observed under stagnant conditions. The wind 
analyses in Orlando (Fig. S7), Tampa (Fig. S8), and Jacksonville (Fig. S9) 
show a negative relationship between O3 and wind speed at these lo
cations highlighting this regional phenomenon. These results are 
consistent with Florida’s favorable conditions of high temperature and 
sunlight for high ozone levels (Elshorbany et al., 2009a). Similarly, the 
negative correlation between NO2 concentrations and wind speed in 
Miami (Fig. S7) and Tampa (Fig. S8) indicates that NO2 formation is 
mainly local, as expected from its short lifetime during the day. 

3.2.2. Increase in power generation due to residential usage 
We have shown in the previous sections that SO2 levels were 

enhanced in central and southern Florida during the lockdown 
compared to reduced levels observed in northern Florida. These results 
have warranted the investigation of the sources of SO2. In Florida, SO2 is 
produced primarily from fossil fuel combustion at power plants (EPA, 
2020). Due to lack of data in years prior to 2019, Fig. 3 shows a com
parison of the net power generation in the state of Florida during the 
Pre-lockdown and Lockdown periods in 2020 and their corresponding 
values in 2019 from different energy sources including fossil fuel sources 
(i.e., coal, petroleum, and natural gas) and more sustainable sources 
(including solar, hydro, and nuclear energy). There are two important 
points that could be deduced from Fig. 3. First, the total net generation 
has revealed an increase of 13.7% during the Lockdown period in 2020 
compared to the same period in 2019. Second, a negligible increase 
(0.2%) was observed during the Pre-lockdown period as shown in 
Table S11 when compared to its corresponding period in 2019. Put 
together, these two observations demonstrate that the enhancements 
observed during the lockdown in 2020 were not observed in the same 
period in 2019 and that this was not a trend observed prior to the 
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lockdown period in 2020 either. This could be due to higher temperature 
anomalies during the first two weeks of the lockdown in 2020 compared 
to those in 2019 in Jacksonville, Orlando, Tampa, and Miami in 2020 
(Fig. S10). Consequently, due to elevated temperatures and extended 
periods spent indoors, the power generation has increased in 2020 
compared to 2019 likely due to increased residential cooling. However, 
a thorough investigation is required to test this hypothesis given the two 
contradicting processes: (1) less industrial power consumption and less 
cooling in offices, etc. and (2) more power consumption in residential 
buildings. 

From the air quality standpoint, fossil fuel sources (such as coal, 
petroleum, and natural gas) are the main anthropogenic contributors to 
air pollution. While there was a negligible decrease of less than 10% in 
coal generation in 2020 compared to 2019, natural gas and petroleum 
generation resulted in significant increases of 16.5% and more than 14 
times increase, respectively in 2020 compared to 2019 (Table S11). On 
the other hand, natural gas and petroleum were relatively unchanged 
during the Pre-lockdown period in 2020 compared to 2019 (Table S11). 
Similar increases in power generation due to residential usage were 
reported in the US and Europe and were associated with the pandemic 

lockdowns (Le Quéré et al., 2020). 
There is a cluster of these fossil fuels-based power plants in central 

and southern Florida, which might explain the reason behind our pre
vious observation of elevated SO2 concentrations in central and southern 
Florida in comparison to northern Florida during the Lockdown period 
and the higher PM2.5 concentrations observed in northern Florida when 
impacted by transport from central and southern Florida. 

3.2.3. Reduction in vehicular emissions 
The change in transportation due to the lockdown associated with 

the COVID-19 pandemic was examined in four cities where the daily 
available Apple mobility data was compared to a baseline on January 
13th, 2020 (this day was chosen since it was the first infection case 
confirmed outside of China). According to Apple, the relative volume 
has increased since January 13th in several cities worldwide, consistent 
with normal, seasonal usage of Apple Maps (Apple Mobility Trends 
Reports, 2020). Summary statistics of the Apple mobility data are shown 
in Table S12. Although this data is associated with uncertainty, this 
analysis is not meant to be strictly quantitative, but the goal is to rather 
determine the change in mobility trends during the lockdown. 

Fig. 2. Bivariate polar plots of mean concentrations of O3, NO2, PM2.5(March), and PM2.5(April) in Jacksonville, Orlando, Tampa, and Miami as a function of wind speed 
(ws, in mph) and wind direction (N: north, S: south, E: east, and W: west). 

M.M.H. El-Sayed et al.                                                                                                                                                                                                                        



Environmental Pollution 285 (2021) 117451

7

As shown in Fig. 4, three categories of mobility data were examined, 
namely: private car “driving”, public transportation “transit”, and 
“walking”. Amongst the three categories, the largest decrease was 
observed in the transit category at the investigated cities. Substantial 
decreases in transit use were observed in Orlando and Miami (>65 ±
10% decrease across days, ±1σ, where σ is the standard deviation of the 
percent change across days), the decrease was 63.9 ± 9.8% in Tampa, 
while in Jacksonville the decrease in transit corresponded to 46.9 ±
12.9%. This is an expected observation, since Miami, Orlando, and 
Tampa are highly populated urban cities with a wider transit system 
than cities located in the north of Florida. Both walking and driving 
decreased in all cities. On average, this decrease was comparable in 
Orlando, Miami, and Tampa and accounted for more than 50% ± 10%; 
however, Jacksonville exhibited a 35.5 ± 12.2% decrease in driving 
compared to a 28.3 ± 13.4% decrease in walking. 

These traffic observations are in agreement with our air quality data 
that shows the highest decreases in NO2 and CO concentrations in 
central and southern Florida. NO2 is a major anthropogenic pollutant 
which is mainly produced from vehicular emissions. Parr et al. (2020) 
have reported a total reduction of almost 45% in traffic in 2020 from 

mid-March till mid-April compared to traffic data in 2019 during the 
same period in Florida. These reductions were more pronounced in 
urban areas compared to rural areas of the state (Parr et al., 2020). 
Consequently, reductions in NO2 concentrations as a result of vehicular 
emissions during the lockdown period are predictable due to restricted 
mobility imposed by the state and local government. While Jacksonville 
displayed a decrease in the concentrations of these urban pollutants due 
to the lockdowns associated with the pandemic; however, the reduction 
was not as high as in other cities. It is to be noted that Jacksonville is a 
key city lying on I-95 highway which connects the northeastern of the 
US, especially New York and New Jersey to Florida. Given that many 
were moving to Florida through Jacksonville to avoid the northern hot 
spots of the pandemic, this may partially explain the less pronounced 
mobility reductions in Jacksonville than elsewhere in the state. This is 
also consistent with the fact that the central and northern regions of 
Florida were not completely closed during the lockdown opposed to a 
complete shutdown in the southern epicenter (Glanz et al., 2020). 

4. Limitations and future directions 

We have used the averaging process of data at all sites - including 
urban, suburban, and rural - available at each of the investigated 
metropolitan areas to gain a better insight into the variability of the 
levels of pollutants in each city. However, it should be noted that in 
some cases and for some pollutants, the data is limited to one or two 
sampling stations per city, as shown in Tables (S1–S6). This poses a 
limitation in this study as it might affect the magnitude of the concen
trations of pollutants reported herein as well as their variability at a 
given city. 

Air pollution contributes strongly to human mortality and morbidity 
including heart attacks, respiratory diseases, and others (Cohen et al., 
2015). Improvements in air quality are anticipated to have a positive 
impact on human health. Hence, this work has implications on human 
health effects in Florida. More recently, literature shows that there is a 
correlation between air quality and the number of people infected by 
COVID-19; the number increased in environments with poor air quality 
conditions (Contini et al., 2020; Fattorini et al., 2020). Similar correla
tions were reported between mortality rates due to the virus and expo
sure to air pollution (Son et al., 2020). Further, the potential role of 
exposure to NO2 and COVID-19 fatality has been previously reported 
(Ogen, 2020). The results herein suggest that control of vehicular 
emissions and the generation of more sustainable energy have the po
tential to improve air quality in Florida which could have significant 
impacts on both acute and chronic health outcomes. Future work should 
investigate whether the reductions in pollutant concentrations shown 
here were associated with improvements in public health. Previous 

Fig. 3. A comparison of net power generation in Florida in 2019 and 2020 from 
various energy sources for Pre-lockdown: mid-February to mid-March, and 
Lockdown: mid-March to mid-April. Data based on https://www.eia.gov/ope 
ndata/qb.php?category=3390109. 

Fig. 4. Daily average percent change in driving, 
transit, and walking for Jacksonville, Orlando, 
Tampa, and Miami during the Lockdown period in 
2020. No data was available for Tallahassee and 
Gainesville. Apple mobility data during the lockdown 
is compared to a baseline volume on January 13th, 
2020 (Apple Mobility Trends Reports, 2020). Markers 
represent the median percent change values of the 
datasets for each city and the lines represent the 
standard deviation of these datasets across days.   
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studies have shown that even short-term reductions in pollution, for 
example during the Beijing Olympic Games (Rich et al., 2012), were 
associated with improvements in subclinical biomarker measures of 
cardiovascular health even among healthy, young adults. Moreover, 
longer-term improvements in air quality from a 13-month shutdown of a 
steel mill in Utah (Pope, 2010) was associated with a statistically sig
nificant reduction in respiratory hospitalizations. 

5. Conclusions 

This work took advantage of the natural experiment occurring due to 
the lockdown enforced by governments as a result of the COVID-19 
pandemic to better understand the impact of anthropogenic pollutants 
on air pollution in Florida through a spatial distribution of atmospheric 
pollutants across the state. Overall, we have shown that a statistically 
significant decrease was observed for many of the atmospheric pollut
ants across the state during the lockdown associated with the pandemic 
in 2020. Our results highlight the necessity for high spatial resolution 
ground-level studies to capture the differences in behavior of atmo
spheric pollutants. These spatial effects would not have been manifested 
if the entire state was collectively studied, as was the case in previously 
reported studies (Shakoor et al., 2020). Our work has shown that for 
some pollutants such as NO2 and CO, regulations of vehicular emissions 
can result in lowered levels of these pollutants. Unlike observations in 
other cities, restrictions in NOx resulted in decreases in ozone levels in 
Florida since the environment is likely to be NOx-limited. These obser
vations indicate that promoting policies that restrict vehicular emissions 
in Florida would strongly improve the state’s air quality. Changes in SO2 
concentrations are driven by power generation, highlighting the need 
for more sustainable energy sources for power generation in Florida. 
Based on results presented herein, the projected reductions in NO2 and 
SO2 will likely impact levels of not only NO2 and SO2, but perhaps PM2.5 
in the state (Pye et al., 2009). However, future laboratory and modeling 
studies are required to assess this effect. 
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