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Abstract: The COVID-19 pandemic has infected almost 73 million people and is responsible for over
1.63 million fatalities worldwide since early December 2019, when it was first reported in Wuhan,
China. In the early stages of the pandemic, social distancing measures, such as lockdown restrictions,
were applied in a non-uniform way across the world to reduce the spread of the virus. While such
restrictions contributed to flattening the curve in places like Italy, Germany, and South Korea, it
plunged the economy in the United States to a level of recession not seen since WWII, while also
improving air quality due to the reduced mobility. Using daily Earth observation data (Day/Night
Band (DNB) from the National Oceanic and Atmospheric Administration Suomi-NPP and NO,
measurements from the TROPOspheric Monitoring Instrument TROPOMI) along with monthly
check for averaged cell phone derived mobility data, we examined the economic and environmental impacts of
updates lockdowns in Los Angeles, California; Chicago, Illinois; Washington DC from February to April 2020—
Citation: Straka, W, ITl; Kondragunta, ~ encompassing the most profound shutdown measures taken in the U.S. The preliminary analysis
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domestic product, poverty levels, and the unemployment rate. With the continuing rise of COVID-19
cases and declining economic conditions, such knowledge can be combined with unemployment
and demographic data to develop policies and strategies for the safe reopening of the economy
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1. Introduction

The spread of severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2, COVID-

19) was first reported in Wuhan, China, in early 2020 by human-to-human transmission [1-4],
censee MDPL Basel, Switzerland, This ~ Which became a global pandemic by early March 2020 and affected more than 150 countries
article s an open access article distributed  Within weeks. The World Health Organization declared a global health emergency related
under the terms and conditions of the to COVID-19 on 30 January 2020 and a worldwide pandemic on 11 March 2020 [5]. As of
Creative Commons Attribution (CCBY) ~ November 2020, COVID-19 has infected over 73 million people worldwide and over 16
license (https:/ /creativecommons.org/ ~ Million people in the US, causing more than 1.63 million and almost 301,000 mortalities
licenses /by /4.0/). worldwide and in the US, respectively, as of 15 December 2020 [6].
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Because the health effects of COVID-19 are unknown and the virus has a high mor-
tality rate, precautionary measures like wearing face coverings, social distancing, and
handwashing have been suggested, while clinical studies are underway to develop vac-
cines and potential cures. Social distancing, which includes full lock down (stay at home),
partial lock down (travel if there is a need), quarantine (isolation for certain duration), and
maintaining a minimum separation distance while in public, is considered an effective
measure to curb the spread of a pandemic, as was seen during the 1918 flu pandemic [7].
Lockdown restrictions (full to partial) within the US were first implemented in early March
and were lifted by end of May. During this time frame, only essential businesses (e.g.,
hospitals, gas stations, grocery stores) were operational.

An immediate impact of lockdown restrictions was on mobility and its reduction,
which not only curtailed the infection rate of COVID-19 but also reduced pollution level [8]
and resulted in a 4.8% drop in GDP [9]. Since the beginning of the lockdown, several studies
have examined the economic effects of the lockdown measures. Bonaccorsi et al. [10], in
their study of the economic impacts of the lockdown in Italy, reported that the lockdown not
only reduced national and state level fiscal revenues but also caused a segregation effect in
municipalities with high inequality and high concentration of low-income population due
to the mobility reduction, such that the municipalities were at a higher risk of experiencing
poverty and slower recovery. Chen et al. [11] also reported that mobility restrictions in
areas experiencing high COVID-19 deaths had an increase in unemployment insurance
claims and reduction in economic activity both in the US and Europe; a similar trend was
also reported in China [12]. Although the extent of the economic disruption due to the
COVID-19 pandemic is still unknown, it is evident that GDP growth is declining because
of the pandemic.

Not surprisingly, the most polluted regions of the globe saw improved air quality
during the lockdown. Several studies have reported that lockdown measures contributed
to emission reduction as measured by the concentration of nitrogen dioxide (NO;y), carbon
monoxide (CO), sulphur dioxide (SO,), PMjy, and PM; 5 (particulate matter in ug/ m?3 for
particles smaller than 10 and 2.5 pm in median diameter, respectively). It is important to
note that there is a direct relationship between NO, and population density [13], as it is an
indication of economic activity. This can be a byproduct of industrial activity (e.g., power
plants, industrial plants) as well as from combustion due to the operation of vehicles (cars,
trucks, buses, trains, etc.).

During and following the lockdown in China, many cities experienced a drop in NO,
concentration by 40-60%, an increase in mean ozone concentration by a factor of 1.5-2, and a
35% drop in PM, 5 [14-16]. Similar trends regarding concentrations of NO,, CO, PMj, and
PM, 5 were reported for Delhi and Mumbai in India and several cities in Europe [17-19].
Even NASA and the European Space Agency (ESA) have been using satellite imagery to
monitor the environmental conditions resulting from COVID-19 response measures due
to the reduced fuel emission (https://eodashboard.org/). Evidently, lockdown measures
have contributed to a reduction in different gasses which contribute to the creation of
photochemical smog along with other pollutants hazardous to human health. Long-term
exposure to NO; and PM; 5 have been linked to respiratory diseases that have been
identified as a contributing factor to fatality from COVID-19 [20]. The linkages between
prior exposure to PM; 5 and mortality due to infection caused by COVID-19 were presented
by a Harvard study (Wu et al., 2020 [21]).

The purpose of this study was to determine if the locations of NO, as well as the
decrease in power consumption, as measured by the radiance from the Visible Infrared
Imaging Radiometer Suite (VIIRS) Day/Night Band, aligned with economic activity centers
and to understand how the underlying population density related to these locations. Using
three case study locations (Los Angeles, CA; Chicago, IL; Washington, DC), we examined
how NO; concentration and economic activity (VIIRS Day/Night Band imagery was used
as a proxy) changed due to change the reduction in mobility patterns during February,
March, and April of 2020. This preliminary study demonstrates how satellite-derived
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information (e.g., NO; concentration and light intensity—a proxy for energy consumption)
can be used to explore variation in economic activities in near real-time resulting from a
global pandemic or an isolated, local incident (weather or attack on infrastructure) that
causes a reduction or shutdown of the power grid, etc.

2. Data and Methodology

This study focused on three major metropolitan areas in the United States: Chicago,
IL; Los Angeles (LA) County, CA; Washington DC, where similar “stay at home” measures
were implemented on 12th, 19th, and 20th of March 2020, respectively. The lockdown
measures ensured that only essential businesses and services were open in the three cities.
The other reason for choosing these cities was the availability of mobility data at a high
confidence level.

Each metropolis has a unique economy. LA County is the third largest metropoli-
tan area in the United States with an estimated GDP of $1.05 trillion in 2018 [9], and
an estimated population of about 10 million as of July 2019 (US Census Bureau 2020)
(Figure 1a). Its economy includes a variety of industries ranging from entertainment to
shipping to software, which require long commutes over the vast highway system. The
Chicago metropolitan area has an estimated 2018 GDP of $689 billion [9] and an estimated
population of 2.7 million in 2019 (US Census Bureau 2020) (Figure 1b). While the majority
of Chicago’s economy includes financial and professional service sectors concentrated in
the downtown part of the city requiring lengthy commutes, there is a heavy manufacturing
presence in the Chicago metropolitan area. The Washington DC metropolis is primarily
focused on businesses and the support of the federal government and had an estimated
2018 GDP of over $540 billion [9] and an estimated population of 9.81 million in 2019 (US
Census Bureau 2020) (Figure 1c).
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Figure 1. Population density distribution in 2020 for California and LA County (a), Chicago, IL (b), and Washington, District

of Columbia (c).

In the three metropolises, there is a heavy reliance on long home-to-work commutes,
which is a factor for heavy pollution. According to the American Lung Association’s
2020 “State of the Air” report, LA, Chicago, and Washington DC (are ranked 1, 16th, and
20th among the 25 most ozone-polluted cities in the US [22]. While each of these regions
contain numerous small-to-medium coal/gas power-generating facilities, the largest power-
generating facilities in Chicago and Washington DC are nuclear power plants, which do
not emit any NO, or greenhouse gases. The city of LA has four natural gas-fired generating
stations within city boundaries, which are medium in size. The city primarily receives
power from Utah, Arizona, and Nevada.

In the three metropolises, there is heavy commercial traffic (trucks), particularly in
the port and heavy industry regions of the city as well as a wide range of age and type of
vehicles. In addition, all three cities have large mass transportation infrastructure (buses,
subways, trains) which are relied upon by the population, particularly in the downtown
areas. The largest difference between the three study cities is that the type of fuel utilized
in the Los Angeles area. For many decades, California has had a unique blend of gasoline
which was developed to help reduce the amount of smog, particularly in the LA basin.

In terms of climatology, as observed from the National Oceanic and Atmospheric
Administration’s (NOAA) National Climatic Data Center (NCDC), the three sites do have
varying climatology. Being in the northcentral part of the United States, Chicago is by
far the coldest and snowiest location of each of the study regions. It has an average
monthly snowfall of 9.1” in February to an average of 1” of snow in April, with an average
temperature ranging from —1.6 °C to roughly 5 °C over the three months of study. In
general, this would translate to an increase in activity. Similarly, in the Washington, DC
metropolitan area, the average temperature is roughly from 4 °C to 15 °C over the three
months of study. As one would expect, the LA basin is much warmer than both Chicago
and Washington, DC. However, all of the areas generally have precipitation including both
rain and snow during the study period. While the temperature and primary precipitation
are different, all three study locations observe an increase temperatures and increased
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precipitation, typically in the form of rain, during the three-month study period. This
would generally lead to an overall increase in movement.

Materials and Methods

For the study, we used tropospheric column NO, data from Sentinel 5P TROPOspheric
Monitoring Instrument (TROPOMI) from the ESA datahub (https:/ /scihub.copernicus.eu/)
to examine the environmental effects of the lockdowns, VIIRS Day/Night Band (DNB)
data to capture changes in energy consumption using light intensity (a proxy for economic
activity), surface PM; 5 data from the AirNow monitoring network (airnow.gov), cell phone
derived mobility data from BlueDot software company under academic agreement to use
the data for research purposes, and 2020 population distribution data from WorldPop
(https:/ /www.worldpop.org/). To maintain consistency among datasets, monthly aver-
aged data were used for the time period studied. A discussion of the datasets and analytics
used to examine the impact of the lockdowns on economic activities and environmental
conditions is presented below.

Sentinel-5P TROPOMI

The Sentinel-5 Precursor (Sentinel-5P) satellite is a low-earth orbiting satellite devel-
oped by the ESA as part of the Copernicus Programme. It flies in a sun-synchronous
ascending node orbit at roughly 824 km in altitude. The primary instrument onboard
the satellite is TROPOspheric Monitoring Instrument (TROPOMI), a spectrometer de-
signed to sense ultraviolet (UV, 270-320 nm), visible (VIS, 310-500 nm), near (NIR, 675-775
nm). and short-wavelength infrared (SWIR, 2305-2385 nm) radiation [23], and monitor
trace gases (O3, CHy, CO, NO;, SO;) as well as aerosol index and layer height. The S5P
TROPOMI is an air quality mission that observes air quality related to trace gases and
aerosols at high spatial resolution. The NO, product used in this study was available at a
3.5 km x 5 km spatial resolution. For our analysis, we remapped the pixel level TROPOMI
data to 0.25° x 0.25° resolution.

Suomi NPP VIIRS

The Suomi National Polar-Orbiting Partnership (S-NPP) and NOAA-20 satellites are
polar orbiting environmental satellites launched in a sun-synchronous 1330 local time
ascending node orbit. The S-NPP and NOAA-20 are spaced one-half orbit apart (~50 min)
from each other. Each satellite orbits the Earth at a roughly 834 km altitude and completes a
single orbit in ~101 min. Both satellites carry the VIIRS instrument, which collects both vis-
ible and infrared imagery spanning from 0.4-12 um, combining key capabilities of several
legacy instruments. The VIIRS includes a DNB capable of sensing visible /near-infrared
(500-900 nm) during both day- and nighttime (low-light) conditions. At night, it is sensitive
to small amounts (~7 orders of magnitude fainter than daylight) of light present in its band
pass and is capable of detecting from its orbital altitude the light emitted from a single
isolated streetlamp [24-27]. The DNB data have been used for a wide range of applications
such as fire detection, meteorological phenomena, observations of anthropogenic light
sources, like ship tracking and fishery monitoring [28,29], as well as to estimate electrical
usage and power outage, industrial output, and economic activities [30-33].

VIIRS DNB Radiance Data Creation

To discern trends in human activity and mobility, monthly composites of city light
intensity from S-NPP were created. The measured DNB radiances from the nights where
there was little to no moonlight (roughly the day after last quarter to the day after the first
quarter phase of the moon, or approximately 14 consecutive nights of each lunar cycle)
were cloud-cleared using the NOAA's Interface Data Processing Segment (IDPS) VIIRS
Cloud Mask to create a nightly screened image [34]. These images were then remapped
to a common 15 arc second grid and combined into a single monthly composite of the
brightest radiance for each pixel in the grid.

A key point to note is the need to account for the stray light which occurs in the DNB.
Stray light arises from flaws in the light shielding of the satellite, where non-earth-scene
light enters from either the VIIRS scan cavity or through the nadir door and solar diffuser
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openings. This results in a “gray” haze in the data, which can extend as far south as the
southern United States in the summer months due to the tilt of the earth and exists in the
DNB for both S-NPP and NOAA-20. A post-processing correction is applied to the data
to remove this stray light [35], allowing for a more consistent radiance across as the stray
light region is traversed.

Mobility Data

Human mobility was approximated using anonymized, population-aggregated, near
real-time, mobile device GPS location data provided by Veraset (Veraset, San Francisco, CA,
USA, 2020), a data-as-a-service vendor. The location data were used to calculate median
maximum distance, i.e., the distance between farthest check-in and home location in km
(mean daily median by census tract). “Home” was defined as the location (~0.6 square
km grid cell) where a device was primarily located between 12 am and 5 am local time.
Maximum distances from home were calculated daily for each device, and a daily median
value was assigned at the census tract level. This data were averaged over the course of a
given month to correlate with the analysis of the DNB as well as to filter the day-to-day
noise in mobility patterns and discern over all trends in human activity. Census tracts
with less than 5 daily devices were excluded from the analysis. This type of data has been
utilized to study the effectiveness of “stay-at-home” orders during COVID-19 [36] as well
as by emergency management agencies to help determine the likely areas for COVID-19 to
spread. Due to the fact of privacy laws in other countries, this study used the data available
for cities in the United States.

Population Distribution Data

Population data sets were obtained from WorldPop [37], which provides high-resolution,
open, and contemporary data about human population distribution across the world. We
obtained the 2020 population data for the three study sites as GeoTiff files at a spatial reso-
lution of 100 m x 100 m (3 arc seconds). The gridded population data were created using
a top-down approach [37], which was adjusted to match the United Nations Population
estimate. Using the census tract boundaries (the spatial scale at which mobility data were
generated) and the gridded population data, we determined the population density at the
tract level for the implementation of the spatial data mining approaches.

Spatial Data Mining

The following spatial statistics methods were used to examine the spatial variation
of mobility, energy usage, the NO, concentration over the three months, and also to
understand the relationship among the variables, while the underlying population density
did not change during February-April.

Hotspot Analysis, also known as the Getis-Ord (Gi*) spatial statistic, was used to
identify the spatial clusters of hotspots (i.e., features of high values) and coldspots (i.e.,
features of low values). The Gi* spatial statistic estimates the spatial dependency effect
of an attribute based on a specified spatial relationship among the features. The spatial
relationship can be based on identifying features within a certain distance from a feature
or assigning a weight to features based on their distance from a feature. This statistic
identifies statistically significant clusters of high and low values represented by a z-score
and p-values (more details about the statistical method can be found in References [38,39]).

To identify the variation in mobility and energy consumption (using DNB radiance
values), an optimized hotspot analysis was implemented. The Optimized Hot Spot Analysis
tool in ArcGIS Pro [40] implements incremental spatial autocorrelation that performs Global
Moran’s I for a series of distances to measure the intensity of clustering at each distance.
The intensity of clustering represented by a z-score identifies the optimal distance that
allows for pronounced clustering. This peak optimal distance was used as the threshold
distance for identifying clusters in the hotspot analysis. This tool automatically aggregates
data and identifies the significant distance threshold to aid with cluster identification.

Spatial Autocorrelation: Evidently, mobility and energy consumption dropped as a
result of lockdown across the study sites. Because of the spatial variation of high and low
population density clusters in the study site, Moran’s I was used to identify the spatial
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autocorrelation in the parameters (mobility, DNB intensity and NO, concentration) using
Moran’s I. While Global Moran’s I describes the spatial dependency and association across
the study site, Local Moran’s I (Local Indicator Spatial Association (LISA)) identifies the
degree of association between a census tract and its neighbors (more details about these
statistics can be found in References [41-43]).

Visualization: The visualization of GIS data throughout this paper were created using
ArcGIS® software by Esri. ArcGIS® and ArcMap™ are the intellectual property of Esri and
are used herein under license. Copyright Esri®. All rights reserved. For more information
about Esri® software, please visit www.esri.com.

3. Results—Effects of Lockdown
3.1. Population Density

Before exploring the effects of the lockdowns in our three case study cities, we explored
the population density distribution at the census tract level (the administrative boundary
that was used to generate mobility data). The main purpose was to identify the high-low
density clusters to understand the effects of lockdown on subsequent changes in mobility
patterns, nitrogen dioxide concentrations as well as power usage due to the change (i.e.,
drop) in economic activities. Figure 2a,b depict the population density distribution for
LA County at the census tract level. These data show that the highest density tracts
were clustered in the south-central part of LA County (specifically, surrounding LA city,
highlighted by the square in Figure 2a), and this area was surrounded by high to moderate
density tracts (hotspots in Figure 2b). The northern half, southwestern part, and southern-
most part of the county were occupied by very low-density census tracts (coldspots in
Figure 2b). Essentially, the southern half of the county is densely populated with high
spatial variability, while the northern half of the county is sparsely populated.

Population Density Hotspots

N 3 L B | Hol Spols |
; | I cold spoc - 99% Confidence
Pupulation Density/Sq KM ! / By [ Cotd spon - 95 |
Census Tract AR - T Cold Spot - 90% Confidence
I 0027720 - 2121 479980 "y Not Signilieant
| I 2120 479580 - 4390.640137 o {q - 2 J j ot Spat - 90% Confidence
| 1390610138 - 7567799505 v
L0 7567 799806 - 13910 TO195
I 13010700196 - 27346699219

Figure 2. Population density distribution at the census tract in LA County (population/square KM) (a) and high- and
low-density census tract clusters in LA County (b).
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In the city of Chicago, moderate to heavily populated tracts are clustered in the
northern and northeastern part of the city (Figure 3a). While the sparsely populated tracts
were clusters in the southern and northwestern part of the city; the low population density
tracts were spread out across the city. From the hotspot analysis output, it was clear that
the heavy density tracts were clustered along the north-eastern part of the city (hotspots
with high significance in Figure 3b), along the lake shore, while the low population density
clusters were located in the southern and northwestern parts of the city (coldspots in
Figure 3b). There was a random distribution of moderate to low density tracts across the
entire city (Figure 3b).
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fors. Sources Pl
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(a) (b)

Figure 3. Population density distribution at census tract in Chicago (population/square KM) (a) and high- and low-density

census tract clusters in Chicago (b).

The majority of Washington, DC population is concentrated in the central part of the
city, with a few clusters of low and very low-density tracts are spread out across the entire
city (Figure 4a,b). It was clear from the hotspot analysis that the densely population tracts
were clustered in the center of Washington, DC with few clusters of low-density population.
The remainders of the tracts were less densely populated.
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Figure 4. Population density distribution at census tract in DC (population/square KM) (a) and high- and low-density

census tract clusters in Washington, DC. (b).

3.2. Variations in Mobility Patterns

The immediate impact of lockdown measures in the cities was a reduction in mobility
due to the tele-working and shutdown of all businesses except essential businesses and
services. Because stay-at-home measures were in place by March 2020 in all three cities, we
explored the change in mobility (distance and pattern) at the census tract level. Figures 5
and 6 show the mobility distribution in LA County during February through April. The
data indicate that mean travel distance dropped from 268 km in February to 50 km in
March and 42.6 km in April. In February, the high mobility areas were concentrated in the
downtown area of LA City as well as in the northeast and northwest part of LA County,
which has a very sparse population (Figures 5a and 2a).

Evidently, the highest distance traveled dropped by more than 75% in the entire county.
While more than 50 km distance on average was traveled in the northwestern part of the
county, mobility was no more than 20 km in the downtown area of the county (central
part of the county closer to LA City (red box in Figure 5a)). Essentially, the lock-down-
induced telecommuting appears to have impacted on the reduction of mobility in LA city
by more than 90%. Moderate mobility was still observed in March near Malibu, Long
Beach, and Santa Monica (southwestern part of the county represented by black boxes in
Figure 5b). Although there were some pockets of high mobility in the high-density areas
of LA County, mobility appeared to have dropped in areas surrounding the downtown
LA (central part of the County) but was still higher in sparsely populated counties of
LA along the northeast and northwestern part of the county. The maximum distanced
traveled in LA County by April was approximately 42 km (Figure 5c). Nevertheless, the
areas experiencing moderate mobility remained the same as they were in March, and these
areas included the low-density tracts of the county as well as Santa Monica, Long Beach,
and Malibu. Preliminary analysis of the income data from the US Census (2018 American
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Community Survey) revealed that the mobility reduced significantly in the impoverished
part of LA County.

Thousand Gaks
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Mean Mobility (February) Mean Mobilits (March)
lean Mobility (Marc!
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Figure 5. Mean mobility distribution in LA in February (a), March (b), and April (c).
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Figure 6. Mean mobility percentage difference in LA between February and March (a) and between March and April (b).

Although mobility was reduced by 50-100% by March in many parts of LA County,
including closer to LA City (Figure 6a), majority of LA experienced a drop in mobility by
50-100% by April (Figure 6b). During February—-April, mobility increased significantly only
in few census tracts of LA. A future analysis of the tracts experiencing mobility increase
will be conducted to explore the effects of the underlying socio-economic characteristics as
well as businesses that might have contributed to the mobility increase.

Before the lockdown, travel in Chicago in February appears to have been concentrated
near the downtown area (black box in Figure 7a), near the Chicago Midway International
Airport (northwestern part of the City), Whiting (southern part), and near the Chicago
Midway International Airport (red box in Figure 7a). It also appears that travel in Chicago
was not concentrated in the high-density tracts that are located in the northeastern part of
the metropolis (Figure 3a).

Following the lockdown, by March, the maximum distance traveled dropped by 50%
(81 km to 44.6 km) (Figure 7b). However, the moderate to very high mobility clusters were
still located near the downtown area of Chicago, near the airports, and Whiting (Figure 7b,
red and black boxes). Mobility dropped by another 50% in April in Chicago (Figure 7c),
but like February and March, high to moderate mobility areas were present in the central
Southern and Southwestern part of Chicago (Figure 7c). Evidently, mobility was still higher
near O’Hare International Airport (northwestern part of Chicago. Figure 7a—c).

Figure 8a,b depict the percent change in mobility in Chicago during February through
April. Immediately after the lockdown, mobility dropped by more than 50% in many tracts
across Chicago, while it also increased by more than 100% in the northeastern part of the
City (black box in Figure 8a) near Uptown—a residential neighborhood. By April, mobility
reduced by more than 75% (Figure 8b) across the entire city. The mobility reduction was
evident in the central, northeastern, northwestern (near O’Hare International Airport),
and southern (near Whiting) part of the City. Although the mobility reduction near the
airports was approximately 25%, the reduction in residential neighborhoods of the city
(high density tracts, Figure 3a) appeared to be due to the fact of tele-commuting.
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Figure 7. Mean mobility distribution in Chicago in February (a), in March (b), and April (c).
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Figure 8. Mean mobility percent difference in Chicago between February and March (a) and between March and April (b).

The densely populated tracts in Washington DC were clustered near the central and
southeastern part (Figure 4a). The central part of DC was also where White House is located.
Therefore, it is no surprise that mobility was higher in February in the central part of DC
(near the White House and the downtown area) (Figure 9a). In March, after the beginning
of the lockdown, mobility dropped in Washington DC by almost 50% from about 73 km
to 38 km (Figure 9a,b), but the highest mobility was reported to be near the White House,
Capital Hills, and the Washington, DC downtown. Residential neighborhoods surrounding
the central part of DC exhibited low mobility. In comparison to March, mobility dropped
by almost 50% from in April. However, the clusters of high to moderate mobility were
still concentrated near White House, downtown DC, and Capital Hills (central part of DC,
Figure 9¢c) where most of the policy makers were meeting regularly to address the spread
of the pandemic. Mobility appeared to have dropped significantly in the residential areas
of DC (surrounding areas of White House and downtown), which could be attributed to
tele-working.

Between February and March, mobility dropped by more than 50% in few places
across DC, but mobility was higher near the White House in March (Figure 10a). By April,
however, mobility dropped by at least 16% percent across DC, and it was higher than 90% in
a few locations (Figure 10b). Even the central part of DC (near White House and downtown
areas) experienced a 25-50% reduction in mobility by April. While mobility reduced in
high-density tracts (nearer to downtown area) immediately after the lockdown in March,
by April, all across DC significant reductions in mobility were observed. However, unlike
LA and Chicago, DC did not experience an increase in mobility in March or April. This
could be attributed to the fact that LA County has sparsely populated census tracts as
opposed to DC and Chicago, which are mainly occupied urban tracts.
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Figure 9. Mean mobility distribution in Washington, DC in February (a), in March (b), and April (c).
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Figure 10. Mean mobility percentage difference in Washington DC between February and March (a) and between March

and April (b).

3.3. Analysis of NO;

NO; is one of many byproducts of industrial processes that are considered hazardous
to the health of humans and the environment (EPA, 2015). From the NO, trends observed
by TROPOMI over Los Angeles (Figure 11), it can be seen that there was a large reduction
in the monthly average total tropospheric column NO, from February to March, and the
reduction continued through April.

More than half of the signal was due to the lockdown, with only the highest concentra-
tions of NO; (due to industrial activity) remaining near the LA Port region, where most of
the refinery and industrial capability in Los Angeles is located, as well as the Inland Empire
(San Bernardino Valley), which is a major shipping hub. A recent study [44] showed that
while total NO, reduction in Los Angeles during 15 March 15 to 30 April 2020 compared
to the same time period in 2019 (Business as Usual, BAU) was about 66%, NO, reduction
due to the lockdown measures was 35% and with the remaining 31% being due to the
fact of seasonality. Even during the lockdown, it would be expected that there would be
some industrial activity to support essential services. The trend in NO; is correlated to
the mobility pattern observed during the lockdown. In Figure 12, the left image (a) is a
histogram of the total column NO; for February, March, and April 2020, and the right
image (b) is the distribution of distance a given cellphone travelled during the daytime
period (i.e., when most movement occurs) for each corresponding month. As can be seen
from Figure 12, February and March exhibited a wider range of mobility compared to April.
The curve shifted to the left with high concentrations (tails of the curves), nearly 50% lower
than the values observed in February and May.
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Figure 11. Distribution of NO, concentrations in Los Angeles, CA during February (a), March (b), and April (c).
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Figure 12. Histogram of NO; concentration in California (a) and mobility distribution (b).
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Chicago, Illinois had an earlier lockdown than Los Angeles. As discussed previously,
the economy is focused around the downtown region by Lake Michigan in the financial
and professional services sectors. However, there is a heavy manufacturing presence in the
Chicago metropolitan area, particularly close to the southeastern part of Lake Michigan
and into the western part of Indiana.

As one might expect, the areas where people commute to on a regular basis showed
a dramatic decrease in NO; in the downtown region, while the areas of heavy industry,
such as powerplants and refineries, remained at elevated (though reduced) NO; levels
(Figure 13). A recent study [44] reported that reductions in NO; as observed by TROPOMI
due to the lockdown were ~14% for 15 March to 30 April 2020 compared to the same time
in 2019.
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Figure 13. Distribution of NO, concentration in Chicago in February (a), March (b) and April (c).

While there was a similar trend in decreased mobility with Los Angeles, the spread of
the total column of NO; was much narrower in Chicago (Figure 14). This is partially due
to the fact that the area observed was much smaller than the Los Angeles basin. The other
notable difference was that that the average distance for commuting was much shorter for
Chicago than Los Angeles.
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Figure 14. Histogram of NO, concentration in Chicago (a) and mobility distribution (b).

The Washington, DC metropolitan area is heavily driven by businesses and federal
agencies. However, unlike Los Angeles and Chicago, there is no heavy industry. Maryland
and the DC area implemented their lockdown on 17 March. The primarily I-95 travel
corridor in Maryland, Delaware, and southern New Jersey can easily be seen in Figure 15,
which is the total tropospheric NO, column density for February.
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Figure 15. Distribution of NO, concentration in Washington DC in February (a), March
(b) and April (c).
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Figure 16. Histogram of NO, concentration in Washington, DC (a) and mobility distribution (b).

Table 1 shows the comparison between the monthly averaged NO; concentrations
and mobility information distance over the entire region of each study site. As can be
seen, the average mobility distance was at its lowest in the April 2020 peak distance, which
corresponds with the lowest average NO, concentrations in all three sites.

Table 1. Monthly average distribution of NO, (umoles/ m?) concentration and mobility (km).

NO, (umoles/m?) Mobility (km)
City February March April February March April
Washington, DC 89.6 62.7 36.1 13.3 10.1 54
Chicago 1239 102.7 82.1 12.4 9.2 5.4
Los Angeles 108.8 65.6 51.3 241 17.6 11.5

There were some variations between each of the sites that can be seen in Table 1.
Los Angeles, for example, had a significant drop in movement between February and
March, which was accompanied by a significant drop in NO, density. The leveling off in
mobility did not directly correlate to the steady decrease in the rate of NO, density. There
are a number of factors which could be a reason for this, including the time it takes to turn
off various industrial processes or the number of cars on the highway.

In the case of Chicago, their lockdown was not as abrupt (only 17% drop in NO, for
26% drop in mobility between February and March), but even so, the decrease in movement
resulted in a decrease in NO, density. The Washington DC metropolitan area is notable in
that the shutdown did not occur until late March, meaning that the largest drop in mobility
would have occurred in late-March. Even then, the NO, density decreased by 30% between
February and March while the drop in NO, between March and April is quite significant,
at 42%. The mandatory telework is continuing in the Washington, DC area and the trend in
NO; for the whole year (2020) will shed light on how policy makers can introduce work
schedules to the federal employees in the area to minimize air pollution.

The photochemical smog that leads to poor air quality is a chemical soup of noxious
gases (NOx = NO+ NO,) among other volatile organic compounds (VOCs) that lead to
ozone and PM; 5 formation. Ozone is harmful to humans as well as plants, whereas PM; 5
is harmful to humans. Both are pollutants that were declared as criteria pollutants by
the United States Environmental Protection Agency (EPA). While NO, and VOCs are
precursors for ozone and secondary aerosol formation, PM; 5 can also be directly emitted
(soot from cars) or photochemically formed from NO,, SO,, and VOCs which are precursors.
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Because of the extreme reductions in the SO2 emissions beginning in the 1970s to curb
acid rain, SO; is no longer a main source for secondary aerosol formation. NO, and VOCs
remain the main precursors leading to the formation of secondary nitrate and organic
aerosols. Figure 17 shows PM; 5 concentrations in February, March, and April of 2020
decreased compared to the same months in 2019 with the exception of February 2020
in Los Angeles which was higher than the values observed in February 2019. Note that
the lockdowns did not start until March and the differences could be due to the unique
seasonal differences between the two years. Of the three cities, Chicago saw the largest
reduction in PM, 5.

Reductions in Surface PM2.5 (2020-2019)
50.00%

0.00%
-50.00%

® Washington DC

® Chicago

-150.00% Los Angeles
Feb Mar Apr

Figure 17. Distribution of surface PMj; 5 in Washington, DC, Chicago, and LA during February-March.

-100.00%

3.4. Distribution of Nighttime Lights (NTL)

The Day/Night Band (DNB) on S-NPP (and NOAA-20) has the ability to detect
visible/near-infrared (500-900 nm spectral response) imagery for both day and nighttime
conditions. The instrument is sensitive enough to detect not just the light emitted from a
single isolated streetlamp but also emitted light from the mesosphere reflected off cloud
features as well as density perturbations within the mesosphere itself. While it has a
wide range of applications, the DNB was used here as a proxy of power usage (economic
activities). Because the DNB is only able to observe electrical light at night, generally
around 1-2 a.m. local time, this means that it is only a measurement of nighttime/early
morning activity. Despite this limitation, there is significant activity at night like traffic
movement that is captured by the DNB imagery.

Immediately after the lockdown measures were in place, businesses were shut down
and the majority of the economic activities stopped in LA as is evident from Figure 18b,
except for some activities that were still ongoing near downtown LA and the Long Beach
area. The reduction in activities in March aligns with the reduction in mobility seen in
LA County, except for the downtown area and near Long Beach where probably the port
activities were still underway to some extent (Figure 5). The limited traffic movement
in March (Figure 18b) could be due to the travel to essential businesses, such as grocery
stores and hospitals. Although the lockdown measures were still active in April, economic
activities appear to have resumed in LA in April (Figure 18c). The highest NTL intensity
values (nWatts-cm~2-sr~1) in February, March and April were 7610, 5730, and 3569 respec-
tively. Evidently, the April NTL intensity was 53% lower than February radiance and ~38%
lower than March radiance. However, it is clear that the economic activities and associated
mobilities in April were concentrated in the downtown LA area, near the port in Long
Beach, and along the LA-San Bernardino and LA-San Fernando corridors as evident from
Figure 18d,e, where the blue indicates a measured increase in light intensity, while red
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indicates a measured decrease in intensity (radiance). This color scheme has been used in
other studies regarding DNB radiance differences [29-32,45].
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Figure 18. Nighttime light (NTL) intensity distribution from VIIRS for Los Angeles in February (a), March (b), April (c);
change in NTL intensity in LA between February and March (d) and between March and April (e).

Not surprisingly a similar pattern was observed in Chicago in March after the lock-
down measures were in place in Illinois, particularly in the Chicago Metropolitan area.
Economic activities dropped in Chicago region except for the downtown Chicago area
near Millennium Park (Figure 19). Some activities are also observed near Rosemont area
(O’Hare International Airport) and Clearing (Chicago Midway International Airport). Com-
parison of the light intensity between February and March (892 and 839 nWatts-cm~2-sr~,
respectively) indicates that the reduction in economic activities was not that drastic as was
the case in LA (Figure 19d). By April, economic activities and traffic movement started in
the Chicago region (Figure 19c), but the comparison of light intensity between March and
April (839 and 1207 nWatts-cm~2-sr~, respectively) (Figure 19e) indicates that economic
activities and mobility increased way more than what was observed in February in certain
parts of Chicago rather than the broader region. In fact, the radiance dropped by 6% in
March, but increased by ~44% in April. This is corroborated by PM, 5 observations in April,
which showed very limited reduction in April 2020 as compared to April 2019, whereas
March 2020 showed substantial reductions in PM; 5 compared to March 2019 (Figure 17).
The activities are concentrated in the Chicago metropolis rather than beyond the metropolis
in the suburbs as was the case in February.
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Figure 19. Nighttime light (NTL) intensity distribution from VIIRS for Chicago in February (a), March (b), April (c); change
in NTL intensity in Chicago between February and March (d) and between March and April (e).

The pattern of reduced economic activities and mobility in March followed by an
increase in activities in April was observed in DC and its surrounding urban areas of Pitts-
burgh, Maryland, etc. Although the radiance values dropped by 22% in DC (Figure 20d,
from 490 to 383 nWatts-cm~2-sr 1), there was an increase in activity (lighting was bright)
in the neighboring areas of DC in Arlington and Bethesda. An obvious decline in activ-
ity in College Park was also observed due to the closure of the university campus and
federal buildings near the campus. The drop in central DC in March was concentrated in
the downtown area where businesses closed down immediately following the lockdown
orders. By April, though economic activities increased to some extent (radiance increased
by 7% than what was observed in March, Figure 20e), economic activities in the DC area
beyond the downtown and White house area reduced in April as most employees started
working remotely. This drop in radiance aligns with what was observed with regard to
mobility change during March and April in the broader DC region. By contrast to DC
metro area, economic activities and traffic movement appear to have resumed by April in
the Baltimore, Columbia, MD areas.
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Figure 20. Nighttime light (NTL) intensity distribution from VIIRS for Washington DC in February (a), March (b), April (c);
change in NTL intensity in DC between February and March (d) and between March and April (e).

4. Discussion and Conclusions

This paper presented an initial study of the impacts of lockdown measures in response
to the novel coronavirus disease 2019 (i.e., COVID-19) on economic activities and envi-
ronmental conditions in three cities across the US. The study revealed that the lockdown
measures have two conflicting effects: (i) first, a reduction in mobility contributed to a
decrease in economic activity that subsequently impacts rise of poverty, and (ii) second, a
mobility reduction also reduced pollution, specifically, the concentration of NO,, which
is a key precursor for photochemical smog production. Long-term exposure to NO, and
PM; 5 have been linked to respiratory diseases that have been identified as a contributing
factor in fatality from COVID-19 (Ogen 2020, [20]). The linkages between prior exposure to
PMj, 5 and mortality due to infection from COVID-19 was presented by a Harvard study
(Wu et al. [21]). A recent study [46] observed the effects of lockdown measures as a result
from COVID-19 in four major metropolis areas, including Los Angeles. Connerton et al. [46]
stated that they utilized air quality data from local air monitoring agencies for the study
areas. For LA, Connerton et al. [45] NO, concentration was taken from the South Coast Air
Quality Monitoring District dataset for a single month of data (March) from 2 locations:
Central Los Angeles and North Orange County. While this provides a high temporal
dataset, it is not necessarily representative of the entire LA basin. This study utilized
satellite-based observation from the TROPOMI instrument on Sentinel-5P, which covers the
entire LA basin at the expense of finer scale temporal changes. Both Connerton et al. [46]
and this study showed a net decrease in NO, concentration over both Los Angeles and
New York city areas. However, the rate of decrease was different for LA, which was 38%
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(Table 2 in [46]) verses 25% for Wu et al. [21], which utilized satellite-based observations.
Furthermore, while Connerton et al. [46] only looked at the change in a single month (i.e.,
March), as previously noted, while Wu et al. [21] explored the changing trend for three
months. There is a natural variability of NO, that occurs with the changing of temperatures
through the various months. However, the rate of change shown in this study as well as
others [21,46] is larger than what naturally would occur.

Following the lockdown in February, mobility, economic activities, and NO, concen-
tration dropped in LA, Chicago, and DC. While the reduction in economic activities (as
seen from DNB data) in LA in March appears to be a result of the complete shutdown of
all businesses; this was not the case in Chicago and DC. In fact, unlike LA, where some
activities were underway in the LA downtown area and Long Beach, in Chicago and DC,
economic activities and mobility were continuing in March in the broader metro areas
surrounding the downtown as well as seaports and airport facilities. This supports the
findings by Elvidge et al. (2020) [45], namely, that the reduction in nighttime lights was
not due to normal variability. Rather they were the result of the “stay at home” orders
implemented by the various cities in this study.

By April, economic activities and travel to essential businesses had resumed in LA,
Chicago, and DC. It appears that economic activities resumed in downtown areas with
high population densities, and mobility (observed from mobility data and VIIRS data)
resumed along corridors connecting to high-density areas in LA and broader DC region
as well. Preliminary analyses of median household incomes in the study sites from the
US Bureau of Economic Analysis dataset appears to reveal that the mobility reduction
was more pronounced in low-income and poor neighborhoods of LA and Chicago rather
than in the affluent areas, which probably were occupied by service sector employees.
Given that businesses, specifically, those catering to the service sector were not fully
functional and employees started tele-commuting, it is not surprising that despite an
increase in mobility and economic activity (related to travel to points of interest like
grocery stores, hospitals etc.) in April, both NO, and PMj; 5 concentration were reduced
in LA, Chicago, and DC during March—April. A major takeaway from this study is that
while the lockdown measures helped reduce the transmission of the disease, they also
reduced mobility, thereby disrupting economic activities and improving air quality. This
study demonstrates how satellite imagery can be used to examine the change in economic
activities and resulting air quality in near real-time as well as to examine the change in
energy usage (a proxy for economic activities). It is also obvious that reduction in NO,
concentration is a result of reduction in overall mobility irrespective of the economic
activity centers and underlying population density distribution. The study also revealed
that lockdown measures ensured limited mobility and economic activity in the business
districts as well as in high density neighborhoods with essential businesses and corridors
connecting major activity centers and high-density areas. This study also revealed that low-
income neighborhoods experienced the brunt of the lockdown where mobility was lower
as opposed to affluent areas. This information could be combined with demographic data,
COVID-19 cases and energy consumption information to identify potential areas for disease
spread and test site locations and explore the varying patterns of energy consumption such
that strategies can be developed to address energy supply-demand relationships as well as
reduce disease spread and NO, concentration while resuming economic activity. Research
is currently underway to further explore the correlation between information provided
by the Day\Night Band, as shown in this study, and various economic indicators, such as
unemployment numbers, GDP statistics, and mobility patterns. Future research will also
explore the relationships from different cities with varying population densities and across
time.
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