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Abstract.

The COVID-19 (COronaVIrus Disease 2019) pandemic provided the unique opportunity to evaluate the role of a sudden

and deep decline in air pollutant emissions in the ambient air
::::::
Having

:
a
:::::::::
prediction

::::::
model

::
for

:::
air

::::::
quality

::
at

:
a
::::
low

::::::::::::
computational

:::
cost

::::
can

:::
be

:::::
useful

:::
for

::::::::
research,

:::::::::::
forecasting,

:::::::::
regulatory,

::::
and

:::::::::
monitoring

:::::::::::
applications.

:::::
This

::
is

::
of

:::::::::
particular

::::::::::
importance

:::
for

::::
Latin

::::::::
America,

::::::
where

:::::
rapid

::::::::::
urbanization

::::
has

:::::::
imposed

:::
an

:::::::::
increasing

:::::
stress

:::
on

:::
the

:::
air

::::::
quality

::
of
:::::::

almost
::
all

::::::
cities.

::
In

::::::
recent5

:::::
years,

:::::::
machine

:::::::
learning

:::::::::
techniques

::::
are

:::::
being

::::::::::
increasingly

::::::::
accepted

::
as

:
a
::::::

useful
::::
tool

:::
for

::
air

:::::::
quality

::::::::::
forecasting.

:::
Out

::
of
::::::

these,

:::::::
Random

:::::
Forest

::::
has

::::::
proven

::
to

::
be

:::
an

::::::::
approach

:::
that

::
is

::::
both

::::::::::::::
well-performing

:::
and

::::::::::::::
computationally

:::::::
efficient

:::::
while

:::
still

:::::::::
providing

:::
key

::::::::::
components

:::::::::
reflecting

:::
the

:::::::::
non-linear

::::::::::
relationship

::::::
among

:::::::::
emissions,

::::::::
chemical

::::::::
reactions,

::::
and

:::::::::::::
meteorological

::::::
effects.

:::
In

:::
this

:::::
work,

:::
we

:::::::::
employed

:::
the

::::::::
Random

::::::
Forest

:::::::::::
methodology

::
to

:::::
build

::::
and

:::
test

::
a
::::::::::
forecasting

:::::
model

::::
for

:::
the

::::
city of numerous

citiesworldwide. Argentina, in general, and the Metropolitan Area of Buenos Aires(MABA) , in particular, were under strict10

control measures from March to May 2020. Private vehicle restrictions were intense, and primary pollutant concentrations

decreased substantially. To quantify .
:::
We

:::::
used

:::
this

::::::
model

::
to

:::::
study

:::
the

:::::
deep

::::::
decline

::
in

:::::
most

::::::::
pollutants

::::::
during

:::
the

:::::::::
lockdown

:::::::
imposed

::
by

:::
the

::::::::::
COVID-19

::::::::::::
(COronaVIrus

::::::
Disease

::::::
2019)

::::::::
pandemic,

:::
by

::::::::
analyzing

:::
the

::::::
effects

::
of

:::
the

::::::
change

::
in
:::::::::
emissions

:::::
while

:::::
taking

::::
into

::::::
account

:::
the

:::::::
changes

::
in

:::
the

:::::::::::
meteorology,

:::::
using

::::
two

:::::::
different

::::::::::
approaches.

:::::
First,

::::
built

:::::::
Random

:::::
Forest

:::::::
models

::::::
trained

::::
with

:::
the

::::
data

::::
from

::::::
before

:::
the

::::::::
beginning

:::
of

:::
the

::::::::::
lockdowns.

:::
We

::::
used

::
it

::
to

:::::
make

:::::::::
predictions

:::
of

:::
the

::::::::::::::
business-as-usual

::::::::
scenario15

:::::
during

:::
the

::::::::::
lockdowns,

:::
and

:::::::::
estimated the changes in , , , , and concentrations under the stay-at-home orders imposed against

COVID-19, we compared the observationsduring the different lockdown phases with both observations during the same period

in
::::::::::::
concentrations

:::
by

:::::::::
comparing

:::
the

::::::
model

::::::
results

::::
with

:::
the

:::::::::::
observations.

::::
This

:::::::
allowed

:::
us

::
to

::::::
assess

:::
the

::::::::
combined

::::::
effects

:::
of

::
the

:::::::::
particular

:::::::
weather

:::::::::
conditions

:::
and

:::
the

:::::::::
reduction

::
in

::::::::
emissions

::::::
during

:::
the

::::::
period

:::::
when

::::::::::
restrictions

::::
were

::
in

::::::
place.

:::::::
Second,

::
we

:::::
used

:::::::
Random

::::::
Forest

::::
with

:::::::::::::
meteorological

::::::::::::
normalization

::
to

::::::::
compare

:::
the

::::::::::::
observational

::::
data

::::
from

:::
the

:::::::::
lockdown

:::::::
periods20

::::
with

:::
the

::::
data

:::::
from

:::
the

:::::
same

:::::
dates

::
of

:
2019and concentrations that would have occurred under a business-as-usual (BAU)

scenario under no restrictions . We employed a Random Forest (RF) algorithm to estimate the BAU concentration levels. This
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approach exhibited a high predictive performance based on only a handful of available indicators (meteorological variables,

air quality concentrationsand emission temporal variations) at a low computational cost. Results
:
,
:::::::::
decoupling

:::
the

::::::
effects

::
of

:::
the

::::::::::
meteorology

:::::
from

::::::::
short-term

::::::::
emission

::::::::
changes.

::::
This

::::::
allowed

:::
us

::
to

::::::
analyze

:::
the

:::::::
general

:::::
effect

:::
that

::::::::::
restrictions

::::::
similar

::
to

:::::
those25

:::::::
imposed

:::::
during

:::
the

:::::::::
pandemic

::::
could

:::::
have

::
on

::::::::
pollutant

::::::::::::
concentrations,

::::
and

:::
that

::::::::::
information

:::::
could

::
be

:::::
useful

::
to
::::::
design

:::::::::
mitigation

::::::::
strategies.

:

:::
The

::::::
results during testing showed that the model captured the observed daily

:::::
hourly

:
variations and the diurnal cycles of these

pollutants with a normalized mean bias (NMB) of less than 11
:
6% and Pearson correlation coefficients of the diurnal variations

of between 0.65 and 0.89
::::
0.64

:::
and

::::
0.91

:
for all the pollutants considered. Based on the Random Forest results, we estimated that30

the lockdown implied concentration decreases
::::::
relative

:::::::
changes

::
in

::::::::::::
concentration of up to 47% (CO), 60% () and 36% (

:::::
-45%

::
for

:
CO,

:::::
-75%

:::
for

:
NO,

:::::
-46%

:::
for

:
NO2,

:::::
-12%

:::
for

:
SO2 :::

and
:::::
-33%

:::
for PM10 ) during the strictest mobility restrictions. Higher

O3 concentrations
::
had

::
a
:::::::
positive

:::::::
relative

::::::
change

::
in
::::::::::::

concentration
:
(up to 87%)were also observed, which

::
an

::::::
80%),

::::
that is

consistent with the response in a VOC-limited chemical regime to the decline in NOx emissions. Relative changes with respect

to the 2019 observations were consistent with those estimated with
:::
The

:::::::
relative

:::::::
changes

::::::::
estimated

:::::
using

:::
the

:::::::::::::
meteorological35

:::::::::::
normalization

::::::::
technique

:::::
show

::::::
mostly

::::::
smaller

:::::::
changes

::::
than

:::::
those

:::::::
obtained

:::
by the Random Forest model

::::::::
predictive

::::::
model.

::::
The

::::::
relative

:::::::
changes

::::
were

:::
up

::
to

:::::
-26%

:::
for

::::
CO,

:::
up

::
to

:::::
-47%

:::
for

::::
NO,

:::::
-36%

::
for

:
NO2, but indicated that larger decreases in primary

pollutants and lower increases in
::::
-20%

:::
for PM10:::

and
:::
up

::
to

::::
27%

:::
for O3would have occurred.

:
. SO2::

is
:::
the

::::
only

::::::
species

:::
that

::::
had

:
a
:::::
larger

::::::
relative

:::::::
change

::::
when

:::
the

:::::::::::
meteorology

::
is

::::::::::
normalized,

::
up

::
to

:::::
20%. This points out to the need of

::
the

:::::
need

::
for

:
accounting

not only for the differences in emissions, but also in meteorological variables
::
in

:::::
order

:
to evaluate the lockdown effects on40

air quality. The findings of this study may be valuable for formulating emission control strategies that do not disregard their

implication on secondary pollutants. The data set used in this study and an introductory machine learning code are
:::
We

::::::
believe

:::
that

:::
the

::::::
model

::::
itself

::::
can

:::
also

:::
be

:
a
::::::::
valuable

::::::::::
contribution

::
to

:
a
::::::::::
forecasting

::::::
system

::
in

:::
the

::::
city,

::::
and

:::
that

:::
the

:::::::
general

:::::::::::
methodology

::::
could

::::
also

::
be

:::::
easily

:::::::
applied

::
in

::::
other

:::::
Latin

::::::::
American

:::::
cities

::
as

::::
well.

:::
We

::::
also

::::::
provide

:::
the

::::
first O3 :::

and SO2 :::::::::::
observational

::::::
dataset

::
in

::::
more

::::
that

:
a
::::::
decade

:::
for

:
a
:::::::::
residential

::::
area

::
in

::::::
Buenos

:::::
Aires,

:
openly available at https://data.mendeley.com/datasets/h9y4hb8sf8/145

(Diaz Resquin et al., 2021).

1 Introduction

In recent times, Machine learning has proved
:::::::
machine

:::::::
learning

:::
has

:::::
been

::::::
proven to be an efficient approach to

::
for

:
air quality

prediction , by relying on historical data to estimate the temporal variability of different pollutants for a specific site at a low

computational cost. Also, this kind of model has the ability to unravel underlying patterns in data and deal with complex50

interactions among predictive variables (Stafoggia et al., 2020).

During the last decade, Random Forest (RF)
::::::
random

:::::
forest

:
rose as a new method for the prediction of mean values of

atmospheric pollutants (Yu et al., 2016; Feng et al., 2019; Jiang and Riley, 2015). This is a supervised machine learning

method, consisting of applying multiple tree classifiers created at random using bagging (i. e., selecting samples stochasti-

cally to create new datasets, of which every classification tree is created).
:::
RF

:::::::
requires

:
a
:::::

short
:::::::
training

::::
time

::::
and

:::
can

:::::::
provide55
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::::::
reliable

::::::::::
information

:::
on

:::
air

::::::
quality,

:::::
with

:
a
::::::
strong

:::::::::::::
anti-overfitting

:::::
ability

:::::::::::::::
(Liu et al., 2021).

:
Many data science programming

languages have libraries where RF
::::::
random

:::::
forest

:
is already efficiently implemented (e. g., scikit-learn in Python

or randomForest in R). RF
:::::::
Random

:::::
forest

:
is faster and cheaper than other available models, such as regional chemi-

cal transport models (CTMs),
:

in terms of computation costs, it needs less input variables and it is a useful method when

information on air pollutant concentrations at a particular site is needed. According to Masih (2019), machine learning60

techniques may even provide better forecasting than CTMs , and
:::
and,

:
out of the different existing algorithms, RF

::::::
random

:::::
forest seems to stand out due to its simplicity and the quality of its results. ,

::::::
which

:::
can

:::::::
account

:::
for

:::::::::
non-linear

:::::::::::
relationships

:::::::
between

:::::::::
emissions,

::::::::
chemical

::::::::
reactions,

::::
and

:::::::::::::
meteorological

::::::
effects.

:::::
With

:::::::
respect

::
to

::::::::
complex

:::::::
reactive

:::::::
species,

:::
the

:::::::
random

:::::
forest

::::::
method

::::
has

:::
also

:::::
been

::::::::::
successfully

:::::
used

::
to

:::::
assess

:
O3 :::::

levels.
::::

For
:::::::
example

::::::::::::::::::::::::::
Zhan et al. (2018) satisfactorily

:::::::
applied

:::
the

::::::
random

:::::
forest

:::::::
method

::
to
:::::::

predict
:::::::::::::
spatio-temporal

:::::::::
variability

::
of

:::::
daily

:
O3 ::::::::::::

concentrations
:::::
across

::::::
China

:::::
using

::::::::::
information

:::
on65

::::::::::
meteorology,

::::::::
elevation

::::
and

::::::::
emission

:::::::::
inventories.

:
One of the most recent applications of machine learning methods has been

aimed at elucidating the interlinkage among the COVID-19 pandemic lockdown measures, human mobility and air quality

(Rahman et al., 2021)
:::::::::::::::::::::::::::::::::::::::::::::::::
(Rahman et al., 2021; Velders et al., 2021; Yang et al., 2021).

The outbreak of the COVID-19 pandemic at the end of 2019, with its devastating consequences in terms of loss of life

and economic impact, has caused many governments around the world to impose different degrees of lockdown. For atmo-70

spheric scientists, it has also provided a unique opportunity to examine changes in air pollution under decreased emission

levels, in
::::
what

:::::::::::::::::::::::
Gaubert et al. (2021) called

:
an unintentional worldwide experiment. Many studies have, in general, iden-

tified significant decreases of most pollutants, except for O3, under the stay-at-home orders imposed against COVID-19

(Muhammad et al., 2020; Faridi et al., 2021; Srivastava, 2021; Grange et al., 2021).
:::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::::
(Muhammad et al., 2020; Faridi et al., 2021; Srivastava, 2021; Grange et al., 2021; Yang et al., 2021).

:::::
These

::::::
drastic

::::::
changes

::
in
::::::::::::
anthropogenic

:::::::::
emissions

::
are

::
of
::::::
major

::::::
interest

::
to

:::::::
enhance

:::
our

::::::::::::
understanding

::
of

:::
the

::::::::
chemistry

::::::
related

::
to75

::
air

:::::::
quality,

:::::::::
particularly

:::::
when

:::
the

::::::::
behavior

::
of

::::::::
secondary

:::::::::
pollutants,

::::
like

:::::
ozone

:
(O3)

:::
or

::::::::::
components

::
of

:::::::::
particulate

:::::
matter

::::::
(PM),

:
is
::::::::
explored

::::::::::::::::::
(Gaubert et al., 2021). O3,

::
in

:::::::::
particular,

:::
has

:
a
::::::::
complex

:::::::
behavior

:::::::::
depending

::
on

:::::::
multiple

:::::::
factors.

:::::::
Nitrogen

:::::::::
monoxide

:
(NO)

::::
and

:::::::
nitrogen

::::::
dioxide

::
(NO2)

:::::::
conform

:
NOx,

::::
that

:::::::
together

::::
with

::::::
volatile

:::::::
organic

::::::::::
compounds

::::::
(VOCs)

::::
play

::::
vital

:::::
roles

::
in

:::
the

O3 ::::::::
formation

:::::::
process,

:::
and

::
its

:::::::::
production

:::
can

:::
be

:::::
either

::::::::::
VOC-limited

::
or

:
NOx ::::::

-limited
::::::::::::::::::::::::::::::::::::::::::::::
(Shi and Brasseur, 2020; Liu et al., 2021; Li et al., 2019).

80

An early approach to analyze the changes in air quality due to the implementation of specific control measures was to

comparatively assess concentrations during the lockdown with concentrations of the same period of the previous year or the

mean value of a period of five years, using exclusively ground-based or satellite observations. However, the degree to which

the COVID-19 lockdown influenced air quality is not only a function of emissions,
:
but also of both meteorology and physical

and chemical atmospheric transformations (Kroll et al., 2020)
:::::::::::::::::::::::::::
(Kroll et al., 2020; Le et al., 2020). In consequence, pure statis-85

tical tests or observational comparisons might be inadequate to have a complete understanding of what influences pollutant

concentrations, since weather conditions, particle persistence, transport, radiation and seasonality affect concentrations by

linear and non-linear processes (Šimić et al., 2020). Another option for such comparison is to use models to simulate a

::
In

:::
this

::::::
work,

:::
this

:::::::::
challenge

:::
has

::::
been

:::::::::
addressed

:::::
using

::::
two

::::::::
different,

:::
but

:::::::::::::
complementary

::::::::::
approaches.

::::
The

::::
first

::::
one

:::::::
consists

::
in

:::::
using

:
a
::::::

model
:::

to
:::::::
simulate

::
a
:::::::::::
hypothetical

:
scenario in which

:::
the

:
restrictions were not implemented. Machine learning90
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methods, including the RF algorithm , have been capable of untangling the changes in pollutant concentrations caused by

the COVID-19 lockdown measures of weather-driven variability. Velders et al. (2021)have shown the efficiency of the RF

method for this task. With respect to reactive species, the RF method has been also used to assess levels. For example

Zhan et al. (2018) satisfactorily applied the RF method to predict spatio-temporal variability of daily concentrations across

China using information on meteorology, elevation and emission inventories
:::::
which

::
we

::::
did

:::::
using

:::
the

::::::
random

:::::
forest

:::::::::
algorithm95

::::
(RF),

:::
as

:::::::::
previously

:::::
done

::
by

::::::::::::::::::
Velders et al. (2021).

::::
The

::::::
second

::::
one

:::::::
consists

::
in

::
a
:::::::
random

:::::
forest

:::::
based

::::::::::::
normalization

:::
of

:::
the

::::::::::::
meteorological

::::::::
variables,

:::::
which

::::::
makes

:
it
:::::::
possible

::
to

::::::::
decouple

:::
the

:::::::
emission

:::::::
changes

:::::::::::::::::::::::::::::::::::::::::::::::::
(Shi et al., 2021; Grange and Carslaw, 2019; Vu et al., 2019).

The drastic changes in anthropogenic emissions induced by the global pandemic are of major interest to enhance our

understanding of the chemistry related to air quality , particularly when the behavior of secondary pollutants, like ozone ()or

components of particulate matter (PM), is explored (Gaubert et al., 2021). , in particular, has a complex behavior depending100

on multiple factors. and VOCs play vital roles in the
:::::
goals

::
of

::::
this

:::::
study

:::::
were:

::
(i)

:::
to

::::::
provide

:::::
novel

:::
air

:::::::
quality

::::
data

:::
for

:::
the

::::::::::
Metropolitan

:::::
Area

::
of

:::::::
Buenos

:::::
Aires

::::::::
(MABA),

:::::::::
Argentina,

::::::::
including

:::
the

::::
first

:
O3 formation process, and its production can be

either VOCs-limited or -limited (Shi and Brasseur, 2020; Liu et al., 2021; Li et al., 2019). In a VOCs-limited regime, emission

reduction can promote photochemical ozone formation due to the non-linear relationships between and its precursors. On the

other hand, in a -limited regime, reductions in concentrations lead to decreasing levels. Also, sometimes any change in VOCs105

or may alter concentrations and it could be referred to as a transitional (or mixed) regime. The goal of this study was twofold:

(i)
:::
and

:
SO2 ::::::::::

observational
:::::::
datasets

::
in

::
a

::::::::
residential

::::
area

::
in

:::::
more

::::
than

:
a
::::::
decade;

:::
(ii)

:
to explore the performance of the RF

::::::
random

:::::
forest method in predicting the air quality situation at two monitoring sites of the Metropolitan Area of Buenos Aires (MABA),

Argentina and (ii
::::::
MABA;

:::
(iii) to apply this method

:::::::::::
methodology to estimate the changes in air pollutant concentrations under

the COVID-19 control measures;
::::
and

:::
(iv)

::
to

::::::
assess

:::
the

:::::
effect

::
of

:::
the

::::::::
reduction

::
on

:::::::::
emissions

::
by

::::::::::
normalizing

:::
the

:::::::::::::
meteorological110

:::::::
variables. We implemented the RF algorithm to estimate the concentrations of CO, , NO2,

:
NO,

::::::
sulfur

::::::
dioxide

:
(SO2), O3, and

particles with aerodynamic diameter less or equal than 10 µm3 (PM10) using meteorological and air quality observations, as

well as the local diurnal variation of emissions as explanatory variables. Trained with data acquired in 2019 and 2020 before the

start of the pandemic
::::
with

:::
the

:::::::
variables

::::::::
available

:::
for

:::
this

:::
city, the RF method can only predict concentrations under a business-

as-usual (BAU) scenario. In this research, we comparatively assessed the monitored concentrations
:::
We

::::
then

::::::::
compared

:::
this

:::::
BAU115

:::::::::
estimations

::::
with

:::
the

::::::::::
observations

:
during two distinct phases of the COVID-19 lockdown with both the expected concentrations

resulting from the BAU RF simulations and the observations registered during the corresponding period in 2019. We also

provided the first and observational datasets in Buenos Aires in more than a decade
::::::::
lockdown

::::::
phases.

::::
We

:::
also

:::::
used

:
a
:::::::
random

:::::
forest

:::::::::::
normalization

:::::::::
technique

::::::
(RFN)

::
to

::::::::
decouple

:::
the

:::::
effects

:::
of

:::
the

:::::::::::
meteorology

::::
over

:::
the

:::::::::::
concentration

:::
of

:::
the

::::::::
pollutants

:::
by

::::::::::
normalizing

:::
the

::::::::::::
meteorological

::::::::
variables

:::::
based

:::
on

:::::::::::::
Shi et al. (2021).

::::
We

::::::::
compared

:::::
them

::::
with

:::
the

:::::::::
normalized

:::::::::::
observations

:::
for120

::
the

:::::
same

::::::
period

:::
of

:::
the

:::
the

:::::::
previous

:::::
year,

::::::::
allowing

::
us

:::
to

:::::
assess

:::
the

::::::
effect

::
of

::::::::
reducing

:::
the

:::::::::
emissions,

::::::::::::
independently

:::
of

:::
the

::::::::
particular

::::::::::::
meteorological

::::::::
situation

:::
that

::::::::
occurred

:::::
during

:::
the

:::::::
specific

::::::
periods

::::::::
analyzed. In addition, we studied the responses of

O3 to the reduction in emissions of its precursors (NOx and VOCs) because of its relevance regarding emission control and

health effects.

4



The remainder of this paper is structured as follows. Section 2 provides a description of the studied area, the different125

lockdown phases, the air quality and meteorological data and the structure of the random forestmodel
:::::
models

:
used to estimate

the relative changes (RC) during the lockdown. Theevaluationof the model
:::::::
analysis

::
of

:::
the

:::::::
models

:::::::::::
performance

:
and the

analysis of the impact due to the emission reductions are in Section 3. Section 4 provides a description of the data and code

availability. Finally, Section 5 presents
:
a
::::::::
summary

::::
and the main conclusions of this work.

2 Material and methods130

2.1 Description of the studied area

The MABA comprises the Autonomous City of Buenos Aires (ACBA) and 40 surrounding Districts of the Greater Buenos

Aires (GBA). Located along the western coast of the Río de la Plata estuary, on a �at plain, the MABA is the third biggest

Megalopolis of Latin America and the Caribbean. It has a population of approximately 13 millions, with a heterogeneous

population density in therange14–20 thousandsinhab km� 2
::::
range. Its active �eet reached 5.4 million vehicles by 2019135

(Anapolsky, 2020).

In terms of
:::::::::::
anthropogenic

:
air pollutant emissions, althoughroad transportation is clearly the largest contributor ofCO,

VOCs and PM in the area(Castesana et al., 2021),the
:
.

:::
The

:
MABA is also affected by the emissions from residential, com-

mercial and institutional buildings, mainly based on natural gas consumption, and from three power plants, located near the

shoreline of the La Plata River, which
:::::
mainly

:
burn natural gas,

::::
and,

::
to

::
a

:::::
lesser

::::::
extent,

:
gas oil and fuel oil.

:::::
Under

:::::
these140

::::::::::::
circumstances,NOx :

is
:::::::
emitted

:::
by

::::::::
stationary

::::
and

::::::
mobile

::::::
sources

:::
in

:
a

::::::
similar

:::::::
amount

::::::::::::::::::::
(Castesana et al., 2021).

:::::
Since

::::
most

:::
of

::::::
Buenos

::::::
Aires'

::::::
vehicle

::::
�eet

::::
uses

:::::::::
low-sulfur

::::
fuel,

:::
the

:::::::
majority

::
of

:
SO2 ::::::::

emissions
:::
are

:::
due

::
to

::::::
heavy

::::
duty

:::::
diesel

:::::::
engines,

::::
used

:::
by

:::::
ships,

:::::
trucks

::::
and,

:::::::::::
occasionally,

:::::
small

::::::::
electricity

:::::::::
generators.

:

2.2 Description of the lockdown for the MABA

Argentina's national government established different lockdown phases for the duration of the pandemic (Decree 297/2020,145

2020). Since 80% of Argentina's COVID-19 cases were concentrated in the MABA, some policies applied to the MABA

region differed from those applied to the rest of the country. Starting on 20 March 2020, strict measures were imposed to

avoid a sharp increase in COVID-19 cases, emphasizing that the population should stay at home and avoid any social contact.

All non-essential stores, including toys, furniture and clothing
::::
stores, were closed until 11 May. Table 1 provides a summary

of the restrictions set for the MABA during each phase. Under severely restricted mobility, public transport and passenger150

car circulation decreased drastically. Local mobility dropped down 80% during the Intense lockdown phase and 65% for the

Flexible lockdown phase until the end of May (Aktay et al., 2020). It is worth noting that, before the COVID-19 pandemic, 1

million vehicles entered the city of Buenos Aires from the suburbs per day.

Considering the different degrees of the restrictions imposed, we evaluated the impact of the lockdown on air quality accord-

ing to two distinct periods. The �rst period, from 20 March to 12 April 2020, corresponded to the most restrictive lockdown155
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(LD). The second period, from 13 April to 25 May, was denominated partial lockdown (PLD) because some restrictions were

lifted. The period 1–15 March 2020, before the start of the �rst lockdown, was de�ned as BLD and was used to evaluate the

model. As from 16 March, �exible restrictions started, but were optional, therefore the period 16–19 March was not considered

in our research.

Being combustion the main air pollution source in the area, the signi�cant decrease in traf�c �ow imposed by the lockdown160

led necessarily to a decrease in the emissions of traf�c-related pollutants (D'Angiola et al., 2010; Pulia�to et al., 2017; Diaz

Resquin et al., 2018; Castesana et al., 2021).

2.3 Meteorologicaldata and description

The atmospheric general circulation in the MABA is controlled by the in�uence of the semi-permanent South Atlantic

High pressure system. This system in�uences the climate of the MABA throughout the year by bringing in moist winds from165

the northeast, which produce most of the precipitation in the area in the form of frontal systems, or storms produced by

cyclogenesis, in autumn and winter (Barros et al., 2006). In terms of the climate conditions of the MABA, temperatures at the

beginning of autumn range from warm to hot in the afternoon, but they are mild in the nights and the mornings. Later on in the

season, conditions are cooler, featuring mild afternoons, and cold nights and mornings.

To identify similarities and differences between the meteorological conditions during the lockdown phases and the testing170

period (BLD, LD and PLD) with those of the autumn of 2019 (March, April and May, MAM2019) we carried out a meteo-

rological analysis for all
:::
the periods. We used hourly and daily data from the Buenos Aires Central Observatory (OBS: Lat:

34º 35' S Lon: 58º 29' W). The site of the Meteorological Weather Service of Argentina is located in a residential area. It is

representative of the meteorology of the air quality conditions under study.

Average temperatures in the BLD (24.4� C) and in the LD (21.1� C) were higher than that in MAM2019 (18� C) while the175

average temperature in the PLD (16.8� C) was lower than that in MAM2019,
:
but close to the corresponding value in May 2019

(16 � C). Precipitation in March and April 2020 exceeded the accumulated values of the same months of 2019 (+60% and +

90% respectively). On the contrary, precipitation in May 2020 exhibited signi�cantly lower values than those of 2019 (-75%).

During MAM2019, the average calm value was 6.7%, while during the BLD, the LD and the PLD, the corresponding calm

values were 3.6%, 4.7% and 8.6%. Average wind velocity, within therange7.5–8.6km h� 1
::::
range, was similar in all periods.180

In autumn 2020, the prevailing wind was from the NW-N sector with an average contribution of 34% against 26.5% in 2019.

The LD and the PLD periods had a similar direction of prevailing winds as autumn 2019, contrarily 45% of winds during the

BLD were from the NE–E sector.

Our analysis showed that there were meteorological differences in terms of temperature and precipitation between autumn

2019 and the periods analyzed in 2020 (BLD, LD, and PLD). This is indicative of the need of taking into account the in�uence185

of meteorological conditions for comparative purposes of air quality conditions that occurred in
::
the

:
different periods.
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Table 1.Description of the lockdown phases on the MABA. NU Not used (Not included in the model).

Initial Date
::::
Period

::::::
(2020) Phase Denomination Description Mobility

1 March2020
:
–

::
15

::::
Mar. Before the lockdown BLD Pandemic had started in South America,

:
but no restrictions

were thus far implemented in Argentina.

100%

16March2020
:
–

::
19

::::
Mar. School Closedown and

Optional Lockdown

NU Countrywide, all schools and universities were closed. Peo-

ple were advised to stay at home. Theaters and cinemas

were shut. Public events over 200 people were cancelled.

Implementing home-of�ce was recommended. Gatherings

were to be avoided.

90%

20March2020
:
–

::
30

::::
Mar. Strict Lockdown LD Bars, restaurants, shopping centers and stores in general

were closed, with the exception of foodandmedicinestores

::::
stores

:::
and

:::::::::
pharmacies. Only essential economic activities

were permitted. Circulation of passenger vehicles was only

allowed with a special permit. Public transport was limited

within the region. Most industrial activities were suspended.

Only groceries were allowed to be delivered. These restric-

tions apply countrywide, regardless of the amount of cases

informed. The country and the district borders were closed.

20%

31March2020
:::
Mar.

:
–
:::
12

:::
Apr.

:
Flexible Lockdown I LD Food delivery waspermited

:::::::
permitted. 20%

13April 2020
:::
Apr.

:
–
::
5

:::
May

:
District Differentiated

Lockdown I

PLD More economic activities were permitted. More stores were

permitted to open in several districts. The lockdown in the

MABA continued, but people started to be less careful about

the social distancing measures.

35%

6 May 2020
:
–
::
25

::::
May

:
District Differentiated

Lockdown II

PLD All non-essential stores, including toys, furniture and cloth-

ing
::::
stores, were permitted to open with speci�c protocols.

Children were allowed to go for a walk with an accompany-

ing adult on the weekends, but no farther than 500m from

home.

35%

2.4 Air quality data

We employed air quality data from two monitoring sites: Comisión Nacional de Energía Atómica (CNEA), operated by our

research group, and Parque Centenario (PC), managed by the Autonomous City of Buenos Aires (described below). Both sites

are mostly in�uenced by the emissions from mobile and residential sources, and, to a lesser extend, by the thermal power190

plants, located at least at 6km from them (Diaz Resquin et al., 2018; Pineda Rojas et al., 2020).
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Figure 1. Location of MABA in Argentina (top left); zoom of the MABA(right). In yellow, the location of OBS, the site of the National

Meteorological Service monitoring site referred in this study, and in red, the air quality monitoring sites (shape �les from IGN).

2.4.1 Comisión Nacional de Energía Atómica

From 23 February 2019 to 26 May 2020 a monitoring campaign was carried out in an open area (-34.57 ºS, -58.51 ºW)

situated 14km away from the Buenos Aires City center (Figure 1) to assess the levels of different gases (CO, NO, NO2, SO2,

andO3) and their temporal variability in a residential area of the MABA.195

The main goal of this monitoring campaign was to assess the temporal variability ofSO2 andO3 in the area for an entire

year. Although it may seem surprising, especially for a megacity like the MABA, there is scarce and fragmentary information

on the concentrations ofSO2 and O3for this large urbanconglomerate. Presently,O3 is routinely monitored inonly one

site of the MABA, located in an industrial area. Past data for the region are only available from a few short-time campaigns

carried out in the early 2000s (Reich et al., 2006). Similarly, there is a lack of monitoredSO2 concentrations because historical200

measurements carried out in the 1990s reported very low values, and therefore
::
the

:
decision makers decided not to measure this

pollutant on a regular basis. However, it has now become a pollutant of concern for local authorities
:
, that have recently decided

to start monitoringSO2 in two of the four air quality stations of the ACBA
::
in

:::
the

::::
near

:::::
future.

Air pollutant concentrations were continuously acquiredasdescribedin
:
(Table 2). Monitors were placed at an approximate

height of 10m, and 100m E from a main traf�c artery with a high density of buses, light duty trucks and passenger cars.205

Another main artery is located 500m N, having circulation of vehicles including trucks and buses in a low speed stop-and-go
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Table 2.Description of the equipment used in CNEA site

Pollutant
Instrument Description Calibration*

CO Horiba

APMA-370

Sampler with a non-dispersive infrared

absorption photometry sensor with a

solenoid valve with cross �ow modula-

tion.

12.44ppmV

O3 Horiba

APOA-370

Detector that operates with a cross

�ow modulation, ultra-violet absorption

method in conjunction with the compar-

ative calculation method.

0.1 ppmV . �

0.5% diluted

SO2 Horiba

APSA-370

UV Fluorescence detector. 0.05ppmV �

0.6% diluted

NO/
:
,

NO2

Horiba

APNA-370

Cross �ow modulation type with re-

duced chemiluminescence detector.

0.099 ppmV

� 1.4% diluted

(NO)

* The calibration of the ambient air gases detectors was performed by following U.S. EPA regulations and Horiba

standard procedures (see U.S. EPA CFR 40 Part 50, appendixes A1, C, D and F, and the corresponding user manual for

the Horiba AP devices). The APMA-370, APSA-370 and APNA-370 were calibrated using EPA certi�ed calibration

gases and diluted with an Environics 6103, a NIST traceable mass �ow controller dilutor, when needed.

pattern. The international airport Jorge Newbery, two thermal power plantsand
:
, the La Plata river

:::
and

:::
the

::::
port

:
are located

within a 19 km radius of the monitoring station.

Data was registered per one minute averages. Unfortunately, from 26 May onwards, restrictions on entering our institute

where the monitoring station was located led to the need to suspend the monitoring campaign.210

2.4.2 Parque Centenario

To include aerosol variations in this analysis and complement the information of CNEA's site, we usedPM10, CO, NO, and

NO2 data from PC station (34.61 ºS, 58.44 ºW), one of the surface air quality sites of the Environmental protection agency of

Buenos Aires city (APRA). This site is located in a residential-commercial area with medium vehicular �ow and relatively low

incidence of stationary sources. A monthly technical report of the hourly-average concentrations registered in PC is available215

at APRA website (APRA, 2020). Although the city has three other monitoring stations, at least one of the essential periods

needed for this study was missing in each of them. Therefore, theydid not serveour purpose
::::
were

:::
not

:::::
taken

::::
into

:::::::
account

:::
for

:::
this

:::::
study.
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2.4.3 Summary of the datasets

Relatively low concentration values for all the analyzed periods, with no exceedances for short term air quality standard for220

all the pollutants measured (Decree 1074/18, 2018; Act 1356, 2004) were registered in both sites. Air pollutants, exceptSO2,

exhibited well de�ned diurnal cycles.
:::
(see

::::
Fig.

::
S2

:::
of

::
the

::::::::::::::
Suplemmentary

::::::::
Material).

:

CO andNOx patterns were governed by traf�c emissions (Figs. S1 and S2 of Supplementary Material), with the maximum

values in winter. Annual mean average values ofNOx were� 37 ppb for both CNEA and PC. Relevant differences inCO

were identi�ed, with annual mean levels in PC doubling those measured in CNEA (0.51ppm versus 0.26ppm).225

PM10, which was only measured in PC, had a mean value of 21 µg m� 3, with the maximum values at noon.

With respect to the pollutants that were only measured in CNEA,SO2 maximum concentrations were registered during

autumn (April) with monthly averages in therange2–2.9ppb
:::::
range. In terms ofO3 concentrations, maximum daylight levels

were registered during summer. The diurnal cycle presented higher levels during the afternoon and was opposite tothat of

::::
those

::
of

::::
NO

:::
and

:
NO2.230

2.5 Air pollution estimations
::::::::
Modeling

:::::::::
Approach

We used the machine learningRF methodtoestimatethe hypothetical
::::::
random

:::::
forest

:::::::
method

:::
to:

:::
(i)

:::::::
estimate

:::
the

:::::::
relative

::::::
changes

:::::::
during

:::
the

:::
LD

::::
and

:::
the

:::::
PLD

::::::
phases

::::
and

:::
(ii)

::::::::
develop

:
a
::::::

model
:::
for

:::
air

:::::::
quality

:::::::
forecast

:::
for

::::
the

:::::::
MABA,

::
at

::
a

::::
low

:::::::::::
computational

:::::
cost.

:::
To

:::
this

::::
end,

::::
two

:::::::
different

::::::::::
approaches

::::
have

:::::
been

:::::::::::
implemented

:::::
using

::
a

::::::
random

::::::
forest

::::::::
algorithm

:::::::
(Figure

::
2).

::::
The

:::
�rst

::::
one

::::::::
estimates

::
the

:::::::::::
hypothetical

:::::::::
prospective

:
pollutant concentrations that would have occurred in the MABAduring235

the
:::::
under

::
the

:::::::
regular

::::::::
emissions

:::::::::
conditions

:::::
(BAU

::::::::
scenario),

::::
with

:::
the

:::::::::
particular

::::::::::::
meteorological

:::::::::
conditions

:::
that

::::::::
occurred

::::::
during

::
the

::::::
period

:::::::::
analyzed.

::::
This

::::::
model,

::::::
named

::
as

:::::::
random

::::::
forest

::::::::
predictive

::::::
model

::
or

::::::
simply

:::
RF

:
,
:::
has

:::::
been

::::::
applied

:::
to

:::
the LD and

the PLD phases
::
to

:::::::
estimate

:::
the

:::::::::::::
concentrations if no lockdown measures had been imposed(BAU scenario).We selectedthe

RF algorithm basedon its demonstratedability to separate
:::
and

::::::::
compare

:::::
them

::::
with

:::
the

:::::::::::
observations

::::::
during

:::
the

:::::::::
lockdown

::::::
phases.

::::
This

::::
tool

:::::
could

::::
also

:::
be

::::
used

:::
to

:::::::
forecast

:::
the

:::
air

::::::
quality

::::::::
situation

::
in

:::
the

::::
city.

::::
The

::::::
second

:::::::::
approach,

:::::::
referred

:::
as

:::
RF240

:::::::::
normalized

::
or

::::
RFN

:
,

:::
has

::::
been

::::::::
designed

::
to

:::::::
decouple

:
the effects ofmeteorologyandchemicalreactionsfrom the

::
the

:::::::::::
meteorology

::
by

::::::::::
normalizing

:::
the

:::::::::::::
meteorological

::::::::
variables,

::::::::
allowing

:
a
::::::::::
generalized

::::::::::
assessment

::
of

:::
the

:::::
effect

:::
of

:::
the

:::::::
changes

::
in

:::
the

::::::::
emission

:::::::
patterns.

::::
This

:::::::::
technique

:::
has

:::::
been

::::::
applied

::
to

::::::::
compare

:::
the

:::::::::::::
concentrations

::
of

:::
the

::::::::
different

::::::::
lockdown

:::::::
periods

::
to

:::::
those

:::
of

:::
the

::::
same

::::
time

::::::
frames

::
of

:::::
2019

::
in

:::::
order

::
to

::::
infer

:::
the

::::::
effects

::
of

:::
the

::::::
sudden

::::::::
reduction

::
in

:::::::::
emissions

:::::
during

:
COVID-19 drivendecrease

in emissions(Zhan et al., 2018; Rahman et al., 2021; Velders et al., 2021).RF requiresa short training time andcanprovide245

reliableinformationonair quality,with astronganti-over�tting ability (Liu et al., 2021).Relationsbetweendifferentpollutants

canalsobeeasilyincluded,which is of particularinterestfor thosethathaveaverycomplexchemistry,suchas. It is alsoeasy

to adaptthemethodologyto different time periodsandsites.The
::::::
mobile

:::::::::
restrictions

::::::
period.

::
A

:::::::::::
summarized schematic of the

modelbuildingprocess
::::::::
modeling

::::::::
approach can be seen in Fig. 2.

Observations from February 2019 to May 2020 were dividedin two different groups: beforeand after the start of the250

lockdown.The �rst group of observations,
:::
into

::::::::
different

::::::
groups

::::::::
following

:::
the

::::::::::::
methodology

::
by

::::::::::::::::::
Grange et al. (2021),

:::::
using
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Figure 2. Schematic description of model building and evaluation.

::::
8710

::::
total

::::
data

::::::
points

:::
for

::::::
CNEA

::::
and

:::::
9198

:::
for

:::
PC.

::::
The

:::::::
training

:::
of

:::
the

::::::
models

::::
was

:::::::::
conducted

:::::
using

::
a

:::::::
random

::::::
sample

:::
of

::
the

:::::
80%

::
of

:::
the

:::::
input

::::
data

:
from February 2019 to February2020,wasusedto train andtest the RF model (80%–20%split

ratiorespectively). From1 Marchto 25May 2020,themodelwasusedin predictivemodeto estimatepollutantconcentrations

undertheBAU scenario
:::::
2020.

:::
The

:::::::::
remaining

::::
20%

:::
was

::::
used

::
as

::::::
testing

:::
(t)

::
to

::::::
choose

:::
the

:::::
model

:::::::::::
con�guration

::::
with

::::
best

::::::::
statistical255

::::::
metrics. The BLD period

::::
(360

:::
data

::::::
points,

::::
see

:::::
Table

::
1) was established as a

:::::::
different

:
evaluation period in order to check the

adequate performance of the model. From20Marchto 25May ,
:::
two

::::::
weeks

:::::
before

:::
the

:::::::::
lockdown

::::::
periods.

:::::
Data

:::::::
collected

:::::
from

:::::
March

:::
20

::
to

::::
May

::
25

::::
and

::
the

:
RF estimates werecomparedto observationsin orderto

:::
used

::
to

:
quantify and interpret the changes

during the LD and the PLD.
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Measured
:::
The

:::::
target

::::::::
variables

::::
were

:::
the

::::::::
measured air pollutant concentrationswerethetargetvariablesfor

:
in

:
each monitoring260

site, namely, CO, NO
:
, NO2, O3, andSO2 (CNEA) and, CO, NO

:
, NO2, andPM10 (PC).Theavailablepredictivevariables

were

::
As

:::::::::
predictive

::::::::
variables

::
we

::::::::::
considered:

:::
(i)

::::
data

:::::
taken

::::
from

:::
the

:::::::::::::
Meteorological

:::::::
Weather

:::::::
Service,

:::::::
namely wind speed, wind

direction, surface temperature, sea level pressure,relativehumidity,
::
and

:::::::
relative

::::::::
humidity;

:::
(ii)

::::::::
boundary

:::::
layer

:::::
height

::::
and

::::
total

::::
cloud

:::::
cover

:::::
taken

::::
from

::::::
ERA5

:::::::::::::::::::
(Hersbach et al., 2020);

::::
(iii) the pollutant concentrationsavailable

::::::::
measured in each of the sites,265

anda variablecalleddaynightthatcanhavevaluesasmorning,afternoonor night. Wind speedandwind directiondatawere

usedto derivetheU andV wind componentsto avoidmodelcontinuityerrorsat 0 and360degrees.Thecalmconditionand

thesineof wind directionwerealsotestedaspredictors.Diurnal
:
;

:::
(iv)

::::
time

::::::::
variables

::::
such

::
as

:::::::
month,

::::
hour,

::::::::
weekday,

::::
and

:::
(v)

::::::
diurnal

:::
and

:::::::
weekly emission cycles for pollutants associated with gasoline and diesel emissionswereaddedto improvethe

agreementin thetestingperiodwith thevariationsthroughouttheday,aspublishedby Castesana et al. (2021).Bothcycleswere270

testedfor eachpollutant.Weeklypatternsusedweretakenfrom PREP-CHEM(Freitas et al., 2011).All meteorologicalandair

quality variables, aswell asemissioncycles,
:::::::::::::::::::::::::::::::::::
(Castesana et al., 2021; Freitas et al., 2011).

::::
For

:::
the

::::::::
predictive

::::::
model,

:::
all

:::::
these

:::::::
variables

:
were tested as explanatory variables for each pollutant, and those performing the bestduring testing

:::
for

:::
the

::::::
testing

::::::
dataset were selected.In general,a combinationof meteorologicalvariableswasidenti�ed asexplanatoryvariablesfor , , and

, with thesubsetf temperature,relativehumidity, U, andVg exhibiting themostrelevantrole. Wind speedwasonly relevant275

for (CNEA), , and(PC),while wind directionresultedasan explanatoryvariablefor in PC only . The only meteorological

variablesrelevantfor wereU, V. Noticeably,
::::
Table

::
3

:::::::
presents

:::
the

::::
�nal

::
set

:::
of

::::::::
predictive

::::::::
variables

::::
used

::
in

:::
the

:::
RF

::::::
model,

::
as

::::
well

::
as

:::
the

::::::::::::::
hyper-parameters

::::
that

::::
were

:::::::::
employed.

:::
For

:::
the

:::
RF

:::::::::::
normalized,

::
all

::::::::
variables

:::::
were

:::::
used

:::
and

:::::
only

:::
the

:::::::::::::
meteorological

::::::::
variables

:::::
were

::::::::::
normalized,

::::::::
following

::::
the

:::::::
approach

:::::::::
described

::
in

::::::::::::::
Shi et al. (2021),

::::::
which

:::::::
consists

:::
on

:::::::::
resampling

:::::
only

:::
the

:::::::
weather

::::
data

::::
over

::::
the

:::::
whole

:::::
study

:::::::
period,280

:::
and

::
is

:::::::::
considered

:::::::
adequate

:::
for

:::::::
studying

::::::::
emission

:::::::
changes.

::::
We

::::::::
employed

:::
the

:::::::::::::::
randomForest

:::::::
package

::
of

:::
the

:
R

::::::::::::
programming

:::::::
language

:::::::::::::::::::::
(Liaw and Wiener, 2002),

::::
and

::::
used thediurnalcycleof gasolinevehicleswasneededfor , , andfor bothsites,while

the diurnal cycle of dieselwasrequiredonly for (CNEA) and(PC).Not surprisingly,predictionwasmostdependenton the

variabledaynightand the simulatedconcentrationsof the otherpollutants,including , but excluding. Table3 presentsthe

�nal setof predictivevariablesusedin the RF model that bestreproducedthe observationsduring the BLD for eachtarget285

variable
:::::::::::
rmweather

::
for

:::
the

::::::::::::
normalization

::::::
process

::::::::::::::::::::::::::::::::::::::::
(Grange et al., 2018; Grange and Carslaw, 2019).

2.6 Random Forest model evaluation
:::
and

::::::::::
assessment

:::::
tools

The RF model was testedduringtheBLD for adequate performance, focusing on the reproduction of: (i) themeanvalue
:::::
hourly

::::::::::::
concentrations, (ii) the mean diurnal cycles and (iii) the24h averageconcentration.

::::
mean

::::::
value. For each pollutant,differencesbetweenthemeanvalueresultingfrom theRF( �M ) andthatfrom theobservations290

( �O) wereassessedusingtheratiobetweenthesetwo values( �M= �O). Diurnal
:::
the

:::::::::
normalized

:::::
mean

::::
bias

::::::
(NMB)

:::
and

:::
the

:::::::
Pearson

:::::::::
correlation

:::::::::
coef�cient

:::
(r )

:::
for

:::
the

::::::
hourly

:::::::::::::
concentrations

:::::
were

:::::::::
calculated.

::::
The

::::::
diurnal

:
cycles were comparatively assessed

by graphical inspection of the temporal series of the mean values and spreads of themodelled
:::::::
modeled

:
and observed con-

12



Table 3.Random Forest model. Target variablesand,
:
predictors

:::
and

:::::::::::::
hyper-parameters

:::
for

::
RF.

Site Target

Variable

Explanatory Variablesntreemtry

CNEA CO t2, rh2, U, V, gasolinediurnal cycle 1000

3
::
ws,

:::
wd,

::::
blh,

:::::::::
gas_emcycle

:

NO t2, rh2, U, V, gasolineand diesel diurnal

cycles 1500 3
:::
slp,

::::
ws,

::::
wd,

::::
blh,

::::
tcc,

::::::::::
gas_emcycle,

:::::::::
aer_emcycle

:

NO2 t2 , U, V, gasolinediurnal cycle,
::
ws

:
,
:::

wd
:
,

::::::::::::
aer_emcycle,blh,

:
CO, NO10003

SO2

wspd,daynight,
::
t2,

:::
rh2,

:::
ws,

::::
wd, CO, NO,

NO210003
:
,

::::::
daynight

:

O3

U, V, daynight,
:::
ws,

:::
wd,

:
CO, NO, NO2 ,

SO220003 ,
:::::::
daynight

PC CO t2, wspd,wdir, gasolinediurnalcycle1000

2
:::
ws,

:::
wd,

:::
blh,

::::::::::
gas_emcycle,

::::
hour

NO t2,rh2, slp, U, V, calm, gasoline diurnal

cycle 1000 3
::
ws,

::::
wd,

::::
blh,

::::::::::
gas_emcycle,

::::::::::
aer_emcycle,

:::
hour

:

NO2 t2, U, V, gasoline diurnal cycle,

::::::::::
gas_emcycle,

::::::::::
aer_emcycle,

:
CO,

:
NO1000

3,
::::::
month,

:::::::
weekday,

::::
hour

PM 10

wspd, diesel diurnal cycle,
::
ws,

::::::::::
gas_emcycle,

:::::::::::
aer_emcycle,

::
CO,

::
NO,

NO210003
:::::
,month,

:::::::
weekday,

::::
hour

rh2: 2m relative humidity; slp: sea level pressure; t2: 2m air temperature; U: 10m U

component of winds; V: 10m V component of winds; wd: 10m wind direction; ws: 10m

wind speed; gas_emcycle: gasoline related emission cycle; aer_emcycle: diesel related

emission cycle.

hyper-parameters: ntree (Number of trees to grow): 300 and mtry (Number of variables

randomly sampled as candidates at each split): Rounded down square root of the

number variables.

centrations of each pollutant, aswell asthe Pearsoncorrelationcoef�cient (r ). Daily averageconcentrationswereassessed

consideringthenormalizedmeanbias(NMB), thePearsoncorrelationcoef�cient andthemeanfractionalbias(MFB). .
:

295
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NMB[%
:

] =
1
N

X
N
k=1

M k � Ok

Ok

NP

k=1
(M k � Ok )

NP

k=1
Ok

::::::::::::

� 100 (1)

r =
1

N � 1

NX

k=1

�
M k � �M

� M

� �
Ok � �O

� O

�
(2)

MFB =
2
N

NX

k=1

�
Ok � M k

Ok + M k

�
� 100300

The NMB is useful for comparing pollutants that cover different concentration scales and it is de�ned as the difference

between modeled and observed mean concentrations
:
, normalized by dividing by the mean observed concentration for that

period. Ther
:
r

:
coef�cient is useful to measure the linear relationship between two variables.TheMFB is a measureof mean

relativebiasandindicatessystematicerrors(Borrego et al., 2008).

Finally,
::
To

::::::
detect,

:::::
locate

:::
and

:::::::::::
characterize

:::::::
different

::::::::
pollution

::::::
sources

:::::::::::::::::::::::::::::::::::::::::
(Carslaw and Beevers, 2013; Grange et al., 2016),

:
bi-305

variate polar plots were built considering observations and RF results, using the openair library of the R programming lan-

guage (Carslaw and Ropkins, 2012; R Core Team, 2019).
:::::
These

::::
plots

::::::::
provided

:
a
:::::::::
graphical

::::::
support

::
to

:::::::
analyze

:::
air

::::::::
pollutant

::::::::::::
concentrations

:::::::
together

::::
with

::::
wind

:::::
speed

::::
and

::::
wind

::::::::
direction

::::
with

:::
and

:::::::
without

:::::::::
COVID-19

::::::::::
restrictions.

:::
We

::::
also

::::::::
calculated

:::::
them

::
for

:::::::
March,

:::::
April

:::
and

::::
May

:::::
2019

:::::::::::
(MAM2019),

:::
so

::
as

::
to

:::::
have

:
a

:::::::
baseline

:::
to

::::::
identify

:::::::
sources

::
of

:::
the

::::::::
different

:::::::::
pollutants.

::::::
Partial

:::::::::::
dependencies

::::
plots

::::
were

::::
also

::::
built

::
to

::::::::
highlight

:::
the

:::::::::::
relationships

:::::::
between

:::::::
pollutant

::::::::::::
concentrations

::::
and

::
all

::::::::::
explanatory

::::::::
variables310

::::::::
presented

::
in

:::::
Table

::
3,

:::
and

:::
can

:::
be

::::
seen

::
in

:::
the

:::::::::::
Suplementary

::::::::::
Information

:::::
(Figs.

:::
S9

::
to

:::::
S11).

3 Results and discussion

3.1 Evaluation
::::::::
Analysis of the results of the Random Forestmodel

::::::
models

In general,modelled
::
for

:::
the

::::::
testing

:::::::
dataset,

:::::::
modeled

:
CO, NO, NO2 , andPM10 concentrations in both sites were in good

agreement with the corresponding observations (see Table 4andFigs. ?? and??). For the CNEA site, NMB showeda bias315

< 10% for all the pollutantsand MFB of the daily concentrationswas between-5.8% () and 12% (). For PC, NMB was

between-1.2%() and8.6%(). Our resultsshowedthat themodeltendedto slightly overpredicttheconcentrationsof all the

pollutantsexceptfor in CNEA andandin PC.MFB of
::
).

:::
The

:::::::::
agreement

:::
for thedaily concentrationswasbetween1.1%(

:::::
hourly

::::::::::::
concentrations

:::
was

:::::::::::
satisfactory,

::::
with

:::::
NMB

::::::
< 6%

:::
for

::::
both

::::
sites

:::
for

::::
the

::::::
testing

::::::
dataset.

::::
The

:::::::
Pearson

::::::::::
correlation

:::::::::
coef�cient

:::::
during

::::::
testing

::::
(r t ) :::

was
::::::
above

:::
0.7

::
for

:::
all

::::::::
pollutants

::::::
except

:
PM10) and9.2%(). Calculations

:
,

:::::::
probably

::::
due

::
to

::::
both

:
a
::::::::
complex320

::::::::
chemistry,

:::::
with

:::::::
primary

:::
and

:::::::::
secondary

::::::::
processes

::::::
being

:::::
highly

::::::::
relevant,

::::
and

:::
the

:::::
effect

::
of

::
a

::::
few

:::::::
regional

::::::
events

::::::
during

:::
the

::::::
period,

::::
with

:
a
::::
high

::::::
effect

::
on

:::::::::
particulate

::::::
matter.

:::
In

:::::::
addition,

::::::::::
calculations

:
of diurnal cycles utilizing RF outcomes reproduced
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Table 4.Summary of the evaluation statistics used in Random Forest
:::::::
predictive

:::::
model for the testingperiod

:::::
dataset (BLD

:
t ) . NMBandMFB

arepresentedin percentagefor thedaily meanconcentrations
:::::::
evaluation

:::::
period (d

:::
BLD)andPearsonCorrelationcoef�cient for diurnalcycle

(dc).

�
�M
�O

�

BLD ::::::::
NMBBLD NMBd [%]

::::
NMBt:

r dc MFBd [%]
:
r t :

PC 1.04
:::
[%] 4.0

:::
[%] 0.816

::
PC

:
CO 1.03

::
3.7 3.3

::
1.9 0.775.5

:::
0.72

NO 1.08
:::
-3.1

:
8.6

::
5.5 0.749.2

:::
0.90

NO2 1.00
:::
-5.1

:
-0.4

::
3.0

:
0.893.2

:::
0.78

PM 10 0.98
:::
-4.8

:
-1.20.781.1

:::
0.64

CNEA CO 1.10
::
9.6 10

:::
1.8 0.7612

:::
0.73

:

1.011.20.763.3NO 0.98
:::
-0.4

:
-1.3

::
5.6

:
0.64-5.8

:::
0.75

:

NO2 1.03
::
3.9 3.4

:::
-0.3

:
0.896.3

:::
0.91

SO2 1.04
::
6.3 3.8

:::
-0.4

:
0.654.3

:::
0.70

O3 1.08
:
7

:
7.1

::
2.2 0.807.3

:::
0.85

adequately thebimodalbehaviorduringBLD. Theagreementwasbestfor , wherethePearsoncorrelationcoef�cient (r dc)was

0.89for both siteswhile all otherr dc wereabove0.74.As shownin Figs. ?? and??, the RF modeladequatelyreproduced

theBLD daily concentrationsfor all theemittedpollutants
:::
clear

::::::::
bimodal

:::::::
behavior

::
of

::::
CO,

::::
NO,

:::
and

:
NO2 ::::

(Fig.
::
3).

:::::::::::
Nevertheless,325

:::::
biases

::::::
during

:::
the

::::
BLD

::::::
period

:::
are

:::::::::
moderately

:::::
larger

::::
than

::::::
during

:::
the

::::::
testing

::::::
period.

::::
This

:
is

:::
to

::
be

::::::::
expected,

:::::
given

:::
that

:::
the

::::::
model

:::
was

:::::::::
optimized

::
to

::::::::
reproduce

:::
the

::::::
testing

::::::
period.

:

Averagedaily concentrationsfor CNEA site. The line representsthe 24 h averageconcentrationand the shadedarea

representsthedaily levelsbetweenthe25and75percentile.

Averagedaily concentrationsfor PCsite.Theline representsthe24 h averageconcentrationandtheshadedarearepresents330

thedaily levelsbetweenthe25and75percentile.

Results
:::
The

::::::
results

:
for O3 were also satisfactory, particularly considering its secondary nature with complex dynam-

icsdepending
:
,

:::::
which

::::::::
depends on multiple factors such as radiation energies, VOC andNOx concentrations and their ratio

(Seinfeld and Pandis, 1998). Model performance indicators wereNMB= 7 :1% and r dc = 0 :80
::::
NMB

::::::t=2:2%
::::
and

::::::::
r t = 0 :85.

Other processes involved inO3 chemistry (like the ratiosO3/VOCs andO3/NOx ) in the MABA were analyzed, as a further335

way to test the RF model performance. The ratioO3–CO was used as a proxy for VOCs, because direct VOCs observations

were unavailable in the MABA and traf�c-borne VOCs are intimately linked toCO (Bon et al., 2011; Cazorla et al., 2020).

Overall,100
:::::
above

::
75% ofO3–CO , –andO3–NOx and73%of –daily

:::::
hourly ratios from RF were within a factor of 2 of those

resulting from the observations (seeFigure
:::
Fig. S4

::
of

:::
the

:::::::::::::
Supplementary

:::::::
Material). The Pearson correlation coef�cients(r )

between observed and estimatedO3–CO andO3–NOx daily
:::::
hourly

:
ratios were found to be0.79and0.89

:::
0.85

::::
and

::
0.9

:
respec-340

tively. In this context, this model was suitable to reproduce not only the levels of primary contaminants in the two analyzed sites,
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Figure 3. Diurnal
::::
Mean

::::::
diurnal cycles for the testing

:::::
dataset

:::
and

::::::::
evaluation period (from 1 March2020to 15 March2020

:::
BLD)for CNEA.

The line represents the average diurnal cycle and the shaded area represents the standard deviation.

but also the formation ofO3 at the CNEA site.On theotherhand,higherdiscrepancieswerefoundfor (r dc = 0 :65) although

NMB< 4%. The diurnal cycle ofSO2 , whichhasbeenidenti�ed to behighly linked to dieseltrucks(D'Angiola et al., 2010),

::::
(Fig.

::
3)

::::::
during

:::
the

:::::
BLD

:::::
period

:
had a sharp peak between 18:00 and 20:00 that could not be entirely captured by the model

:
,

:::
but

:
it

::::
was

:::::
linked

::
to

::
a

:::
day

::
of

::::::::::
particularly

::::
high

::::::::::::
concentrations

::::::
during

:::
that

::::
time

::::::
period. Concentrations from 12:00 to 17:00 were345

also overestimated. Bivariatepolarplotsshowedasimilarpatternfor theRFresultsandtheBLD observationsforall pollutants

(FiguresS6
:::::
during

:::
the

:::::
BLD.

:::::
Figure

::
3

:::::
shows

:::::
that,

:::::
during

::::
the

:::::
BLD,

:::
the

::::::
diurnal

::::::
cycles

::
of

:
O3 andS7)SO2 ::::::::

estimated
:::::
using

::::
RFN

:::
are

:::::::::
noticeable

::::::::
different

::::
from

:::::
those

::::::::
calculated

:::::
using

:::
RF

::::
and

:::
the

:::::::::::
observations.

::::
This

::
is

::::::
further

::::::::
evidence

::::
that

:::
the

::::::::::
atmospheric

:::::::::
conditions

::::
can

:::::
affect

:::
the

::::::::::::
concentrations

::
of

::::::::
pollutants

::
in

::
a

:::::::
relevant

:::
way

:::::
under

::::::
certain

:::::::
weather

:::::::::
conditions.

:
350

:::
One

:::
of

:::
the

::::::::::
advantages

::
of

::::::::
building

:
a
:::::::

random
::::::
forest

:::::
model

:::
is

:::
that

::
it

::::::
could

::::::
provide

::::
the

:::
key

:::::::::::
components

::::
that

:::::
re�ect

::::
the

::::::::
non-linear

::::::::::
relationship

::::::
among

:::
the

:::::::::
emissions,

:::
the

:::::::::
chemistry,

:::
and

:::
the

:::::::::::
meteorology,

::::::::
analyzing

::::::::
variables

::::
such

:::
as

:::
the

::::::::::
permutation

16



Figure 4. Diurnalcycles
::::::
Average

::::
daily

:::::::::::
concentrations forthetestingperiod(from 1 March2020to 15March2020)for

:::::
CNEA

:::
and PC

:::
sites.

The line represents the
::
24

:
h
:
averagediurnalcycle

::::::::::
concentration and the shaded area represents thestandarddeviation

::::
daily

::::
levels

:::::::
between

::
the

::
25

:::
and

:::
75

:::::::
percentile.

::::::::
difference

::::::::
(variable

::::::::::
importance,

::::
Figs.

:::
S6

::
to

:::
S8

::
of

:::
the

:::::::::::::
Supplementary

::::::::
Material)

:::
and

:::
the

::::::
partial

::::::::::::
dependencies.

:::
The

:::::::
analysis

:::
of

::
the

::::::::
variable

:::::::::
importance

:::::
plots

:::::
shows

::::
that

:::
the

::::::::
boundary

:::::
layer

::::::
height

:::
and

:::
the

:::::
wind

:::::
speed

:::::
were

::::::::
important

::::::::
variables

::
to

:::::::
predict

:::
CO

::::::::::::
concentrations

::
in

::::
both

::::
sites

:::
for

::::::::::
normalized

:::
and

::::
not

:::::::::
normalized

:::::::
models.

::::
This

:::::
result

::
is

:::::::::
consistent

::::
with

:::
the

::::
fact

::::
that,

::
at

:::
the355

:::::::
temporal

:::::
scale

::::::
studied

::::
here,

:::
CO

::::
can

::
be

:::::::::
considered

::
as

::
a

::::::
passive

:::::
tracer

::::::::::::::::
(Saide et al., 2011).

:::
For

::::
NO

:::
andNO2 ::

the
::::
most

:::::::::
important

:::::::
variables

:::::
were

:::
the

:::::
other

::::::::
pollutants

::::::::
included

::
in

:::
the

:::::::
models

:::
and

:::
the

:::::::
surface

::::::::::
temperature

::::::
(Table

:::
3),

:::::
which

::::
was

::::
also

::::::::
expected

::::::
because

::::::::::
temperature

::::
has

:::::::
in�uence

::
in

:
NOx ::::::::

chemistry.

:::::
Partial

::::::::::::
dependencies

::::
plots

:::::
(Figs.

:::
S9

::
to

::::
S11

:::
of

:::
the

::::::::::::
Supplementary

:::::::::
Material)

::::::::
enlighten

:::
the

:::::::::::
relationships

:::::::
between

::::::::
pollutant

::::::::::::
concentrations

:::
and

:::::::::::
temperature.

::
As

:::
an

:::::::
example,

::
in

:::::::
CNEA,

:::::
while

:::
CO,

::::
NO

:::
and

:
NO2 ::::::::::::

concentrations
::::
were

::::::::
inversely

::::::
related

::::
with360

::::::::::
temperature,

:
SO2 :::::::

presented
:::
the

::::::::
opposite

::::::::
behavior.

::
As

:::::::::
described

::
by

::::::::::::::::::::::::::
Grange and Carslaw (2019) this

::::::::::
relationship

::
of

:
SO2 ::::

with

::::::::::
temperature

:::::
could

::
be

:::::::::
associated

::::
with

:::::::
shipping

:::::::::
emissions.

:::::
This

:
is

::::
also

:::::::::
consistent

::::
with

:::
the

::::
fact

:::
that

:::::
there

::
is

:::
also

::
a

::::
high

::::::
partial
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:::::::::
dependence

::::
with

:::::
wind

::::::::
directions

::::
from

::
0

::
to

:::
100�

::::
(Figs.

:::
S3

:::
and

::::
S11

::
of

:::
the

::::::::::::
Supplementary

:::::::::
Material),

:::::
which

::
is

:::
the

::::
range

:::
of

:::::
winds

:::
that

:::::
bring

::
air

::::::
masses

:::::
from

::
La

:::::
Plata

:::::
River.

:

3.2 Quantifying and analyzing the changes in concentrations during the lockdown periods365

In this discussionwe comparetheconcentrationsthatweremeasured
::
We

:::::::
discuss

::::
here

:::
the

::::::
relative

:::::::
changes

:::
of:

:::
(1)

::::::::
measured

::::::::::::
concentrations during the LD and the PLDphaseswith

:::::
periods

:::
in

::::::::::
comparison

::::
with

:::
RF

::::::
outputs

:::
for

:::
the

:::::
same

::::::
period,

::::
and

:::
(2)

:::::::::
normalized

::::::::
measured

::::::::::::
concentrations

::::::
during

:::
the

:::
LD

:::
and

:
thecorrespondingBAU concentrationsestimatedby theRFmodeland

/or theobservationsduringMAM2019
::::
PLD

::::
with

:::::::::
normalized

::::::::::::
concentrations

::::::
during

:::
the

::::
same

:::::::
periods,

:::
but

:::
for

::::
2019

:::::::
(March

::::
20th

::
to

::::
April

:::::
12th,

:::
and

:::::
April

::::
13th

::
to

:::::
May

:::::
25th). The corresponding percent relative changes (RCRF or RC

:::
and

:::
RCobs2019

::
RFN) were370

estimatedon thebasisof
:::::
using

:::
the

:::::::::
expressions

:::::::::
presented

::
in Eqs. 3 and??, respectively.

RCRF[%] =
Periodobs2020 � PeriodRF

PeriodRF
� 100

RCobs2019[%] =
Periodobs2020 � MAM2019obs

MAM2019obs
� 100

::
4.

:::
We

:::::
make

:::
use

::
of

:::::
RCRF::

to
::::::::
quantify

:::
the

::::::
amount

:::
of

::::::
change

::::
with

::::::
respect

::
to

::
a

:::::
BAU

:::::::
scenario

:::
for

:::
the

::::::::
particular

:::::::::::::
meteorological375

::::::::
conditions

::::
that

::::::::
happened

::::::
during

:::
the

::::
two

::::::::
lockdown

:::::::
periods,

:::
and

::::::
RCRFN:::

to
:::::::
quantify

:::
the

::::::
effects

::
of

:::
the

:::::::
changes

::
in

::::::::
emissions

:::
of

::::
these

::::::::
pollutants

:::::::
sources,

::::::
rather

::::
than

::::::::::::
meteorological

::
or

::::::::::::
environmental

::::::
effects

::
of

::::::::
particular

:::::::::::
atmospheric

:::::::::
conditions.

wherePeriodobs2020

RCRF[%] =
ObsLD;P LD � RFLD;P LD

RFLD;P LD
� 100

::::::::::::::::::::::::::::::::::::

(3)

RCRFN[%] =
RFNLD;P LD � RFNsame periods 2019

RFNsame periods 2019
� 100

:::::::::::::::::::::::::::::::::::::::::::

(4)380

:::::
where

::::::::::
ObsLD;P LD :

corresponds to theair quality observations
:::::
hourly

:::::
mean

::::::::::::
concentrations

::::::::
observed

:
during the LD or the

PLD, theMAM2019obs representstheair quality observationsfrom March to May 2019andPeriodRF aretheRF estimates

:::::::::
RFLD;P LD ::

is
:::
the

::::::::::::
corresponding

::::::::
predictive

:::
RF

:::
for

:::
the

::::
same

:::::::
periods,

:::::::::::
RFNLD;P LD :::::

refers
::
to

:::
the

::::
data for the LDor thePLD .

:::
and

::
the

:::::
PLD

::::
with

:::
the

::::::::::::
normalization

::
of

:::
the

:::::::::::::
meteorological

::::::::
variables,

::::::
which

:::
was

:::::::::
compared

::::
with

:::
the

::::::::::::::
meteorologically

::::::::::
normalized

:::
data

::
of

:::
the

:::::
same

::::::
periods

::
in

:::::
2019.

:
385

Being both monitoring sites highly in�uenced by vehicular emissions, the
::::
traf�c

:
reduction of� 80% in traf�c that was

registered during the LD period led to a signi�cant air quality improvement of primary pollutants (Figures?? and??). At

CNEA, locatedin thesuburbs,RCRF were-60%,-47%and-9% for , and
:::
Fig.

:::
5).

::
In

::::::
almost

::
all

::::::
cases,

:::::
except

:::
for

:::
CO

::
in

:::
PC

::::
and

::
for

:
SO2respectively(Table5). ,

:::
the

::::::::::::
meteorological

:::::::::
conditions

::::::::
ampli�ed

:::
the

:::::::
change,

::
as

:::::
shown

:::
by

:::
the

:::
fact

::::
that

::::::
RCRFN :

is
:::::::
smaller

:::
than

::::::
RCRF.

::::
This

::
is

::::::::
consistent

::::
with

:::
the

::::::
results

:::::::
obtained

:::
by

::::::::::::::
Shi et al. (2021).390
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Table 5.Summary of the
:::::
average

:
concentrations

::
for

::
the

:::::
BLD,

:::
the

::
LD

:
and

::
the

::::
PLD

:::
and

:::
the relative changes for the LD and the PLD for PC

and CNEA sitescomparedwith RandomForest(
:::::::
estimated

::
by

:
RF ) andMarch-April-May 2019(MAM2019) Observations

::::
RFN. In every

case, the RC were calculated considering the mean value for each period.

BLD MAM2019 LD PLD

Concentrations Concentrations Conc. RC [%] Concentrations RC [%]

Bias
:::
obs NMBd %

::
RF obs

::::
RFN obs RF

:::
RFN RF MAM2019

:::
RFN

:
obs RF

::::
RFN RF MAM2019

:::
RFN

PC

CO (ppm) 0.02
:::
0.43 4.0

::::
0.46 0.54

:::
0.46 0.39 0.50

:::
0.49 -22

:::
0.44 -28

::
-20

::
-20

:
0.45 0.57

:::
0.56 -21

:::
0.51 -17

::
-19

:
() 1.123.341.715.035.9-58-6430.747.4-35-26

:
-7

NO (ppb) 1.09
:::
11.6 8.6

:::
10.9 22.9

:::
15.6 5.2 17.8

:::
15.6 -71

:::
14.6 -77

::
-67

:::
-35 15.2 27.3

:::
24.3 -44

:::
19.0 -34

::
-37

::
-15

NO2 (ppb) 0.04
:::
16.8 -0.4

::::
16.0 18.8

:::
15.3 9.8 18.1

:::
17.3 -46

:::
13.5

:
-48

::
-43

: :::
-28 15.5 20.1

::::
20.0 -23

:::
16.4 -18

::
-20

::
-13

PM 10 (µgm� 3) -0.33
::::
20.5 -1.2

::::
19.6 22.0

:::
20.1 13.6 21.3

:::
20.2

:
-36

:::
17.9 -38

::
-33

: :::
-20 18.4 22.8

:::
21.4 -19

:::
20.6 -16

::
-14

: ::
-7

CNEA

CO (ppm) 0.03
:::
0.26 10.0

:::
0.28 0.35

:::
0.3 0.17 0.32

:::
0.31

:
-47

:::
0.26 -51

::
-45

: :::
-26 0.25 0.35

:::
0.34 -28

:::
0.31 -28

::
-26

:
()0.461.238.814.937.6-60 -6229.045.1-36 -25

:::
-11

NO (ppb) -0.15
:::
11.4

:
-1.3

:::
11.4 21.4

:::
14.1 4.3 17.7

:::
17.4

:::
10.3 -75 -80

:::
-47 14.6 24.2

:::
23.1 -40

:::
15.0 -32

::
-37

: ::
-21

NO2 (ppb) 0.61
:::
18.3 3.4

:::
19.1 17.4

:::
15.6 10.6 19.9

:::
19.5 -47

:::
10.7 -39

::
-46

: :::
-36 14.4 20.9

:::
20.7 -31

:::
14.0 -17

::
-30

: ::
-15

SO2 (ppb) 0.10
:::
2.4 3.8

::
2.5

:
2.8

::::
2.64 2.3 2.5

::
2.6 -9

::
2.4 -19

::
-12

: :::
-20 2.4 2.6 -7

::
2.5 -16

::
-8

::
-15

O3 (ppb) 0.38
:
5 7.1

::
5.5

:
6.8

:
9
:

9.6 5.1
::
8.1

:
87

:::
10.7 40

::
80

:
27 8.0 4.9

::
5.1 65

::
8.8 17

::
57 5

On the other hand, observedO3 levels were87%and65
::::
80%

:::
and

::
57% higher in comparison with the

::
RF

:
estimations for the

LD and
:::
the PLD respectively.At PC,locatedin aresidential-commercialareawhereactivitiesduringtheLD periodweremore

intensethanin thesuburbs,RCRF were-58%(), -22%() and-36%(). Table5 alsoshowsanincrementof primarypollutants

for thePLD periodcomparedto theLD, re�ectedin smallerrelativedifferences.This is consistentwith theincrementin traf�c

�ow.
::::::::
However,

:::
the

:::
fact

::::
that

:::
this

:::::::::
increment

:::
was

:::::::::::
considerably

:::::::
smaller

::::
when

:::
the

:::::::::::
meteorology

::::
was

:::::::::
normalized

::::::::
indicates

:::
that

::::
this395

::::::
change

:::
was

:::::::
strongly

::::::::
enhanced

:::
by

:::
the

::::::::::::
meteorological

:::::::::
conditions

::::
that

:::::::
occurred

::::::
during

:::
that

::::::
period.

:

Figures?? and?? allow visualizing
::::::
Figure

:
4

:::::::
displays

:
the differences in daily concentrations between observations and RF

estimates for the three considered periods (BLD, LD and PLD). For CNEA,CO andNOx observations and predictions for the

BLD period showedNMB <10%. Noticeably, most of the changes were observed right from the day after lockdown. Pollutant

levels were almost fully recovered by the last week of the PLD period.400

In what follows, the results are presented by species, highlighting the most relevant relative changes in concentrationsand

their relationshipwith wind directionandspeed,usingbivariatepolarplots(Figures7 and8).
::::
The

:::::
results

::
of

:::
the

:::::::::::::
meteorological

:::::::::::
normalization

:::
are

:::::
used

::
to

:::::::
evaluate

:::
the

::::::
effects

:::
of

:::
the

:::::::
changes

::
in

:::::::::
emissions

::
of

::::::::
particular

:::::::::
pollutants,

:::
as

:
a
:::::::::::
consequence

:::
of

:::
the

:::::::::
restrictions

:::::::::
previously

:::::::::
discussed. Bivariate polar plotscan also be helpful

::::
were

::::
used

:
to distinguish potential sources that

impact the monitoring sites
:::::::
(Figures

:
7
::::
and

::
8).405

3.2.1 Carbon monoxide
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Figure 5. Mean diurnal cycle for the different pollutants for the LD (from 20 March 2020 to 13 April 2020) and the PLD (13 April 2020 to

25 May 2020) forCNEA site
:::
both

::::
sites.

:::
The

:::
line

:::::::
represents

:::
the

::::::
average

::::::
diurnal

::::
cycle

:::
and

:::
the

:::::
shaded

:::
area

::::::::
represents

:::
the

::::::
standard

::::::::
deviation.

Thecombinationof resultsof RCobs2019andRCRF andtheNMB detectedin themodelfor (Table5 ), thatis 10%for CNEA

and4% for PC, revealsthe importanceto assessthe decreasein concentrationsduring COVID-19 restrictionsusingthe RF

model in orderto considerthe meteorologicaldifferencesbetween2019
::
As

::::::
shown

::
in

::::
table

::
5

:
and2020.For PC,during the

LD phase,RCobs2019was-28%while RCRF was-22%.Consideringthatthemodeloverestimatesconcentrations(NMBof 4%),410

RCRF wouldbeassmallas-19%.Therefore,accordingto theRFmodel,thereductions(
::::::::
discussed

:::::
below,

:::::
there

:::
was

::
a

::::::::
reduction

::
in

:::
CO

:::::
levels

:::::
when

:::
the

:::::::
highest

:::::::::
restrictions

:::::
were

::
in

:::::
place

:::::
(LD).

:::::::::
However, theoppositeof RCRF) during the LD periodmay

havebeenof only 19%while thesimplecomparisonbetweenobservationsindicatedthata largerreduction(28%)wouldhave

occurred.Neverthelessin thePLD, estimatesof relativechangesweresimilar: 21%(RCRF)and17%(RCobs2019). For CNEA,

duringtheLD phase,RCobs2019was-47%while RCRF was-51%.Takingthebiasinto account,differencesmight beassmall415

as-42%. Instead,during
:::::::
behavior

:::
of

:::
this

::::::::
pollutant

::::
when

:::
the

::::::::::
restrictions

::::
were

:::::::
partially

:::::
lifted

::::::
(PLD)

::::::
differed

:::::::::
depending

:::
on

:::
the

::::::::
measuring

::::
site.

:
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Figure 6. Mean diurnal cycle forthedifferent pollutants forlockdown(20-03-20to 13-04-20)
::
the

::::
LD,

:::
PLD

:
andpartiallockdown(13-04-20

to 25-05-20)
:::::::::
MAM2019

::::::
periods,

:::
with

::::::::::::
meteorological

:::::::::::
normalization, forthesitePC

::::
both

:::
sites.

::
In

:::
PC,

:::
the

::::::::
recovery

::
of

::::::
traf�c

::::::
during

:::
the

::::
PLD

::::::::::::::::
(RCP LD

RF = � 19%)
::::
did

:::
not

:::::
result

::
in

::
a

::::::
smaller

:::::::
relative

::::::
change

::::
with

:::::::
respect

::
to

:
a

::::::::
scenario

::::
with

::::::
higher

:::::::::
restrictions

::::::::::::::::
(RCLD

RF = � 20%).
:::::::::::
Nevertheless,

:::
as

::::::
shown

::
by

::::::::
RCRF N ,

::::::::::
decoupling

:::
the

::::::
effects

:::
of

:::
the

::::::::::
meteorology,

:::
the

:::::::
relative

::::::
change

::::
was

:::::
-20%

::
in

:::
the

::::
LD,

:::
but

::::
only

::::
-7%

::
in the PLD,althoughraw numberswerethesame(28%)420

for bothrelativechanges,thepositivebiasin RF estimationsmakesthatRCRF mighthavebeenassmallas21%.

As expected
:::
with

:::::::
respect

::
to

:::
the

::::::::::
normalized

:::::
values

:::
for

:::
the

:::::
same

:::::::
periods

::
in

:::::
2019.

:::::
These

::::::
results

:::::
show

:::
the

::::::::
in�uence

::::
that

:::
the

::::::::
particular

::::::::::::
meteorological

:::::::::
conditions

::::
had

:::
on

:::
CO

::::::::::::
concentrations

::
in

::::
PC.

:::
On

:::
the

:::::
other

:::::
hand, in CNEA, the partialrecoveryof

traf�c
:::
lift

::
of

:::::::::
restrictions

:
during the PLDwasre�ected

::::::
resulted

:
in a smallerreductionin theconcentrations: 47%(LD) versus

28%(PLD). However,a similar reductionwasnot observedin PC:22%(LD) versus21%(PLD). We do not havea plausible425

explanationfor thisrelativelysustainedlevelduringtheLD andthePLD.
::::::
relative

::::::
change

::
in

:::
CO

::::::::::::
concentrations

::::
that

:
is

:::::
clear

::::
both

::
for

:::
the

:::::::::
particular

::::::::::::
meteorological

:::::::::
conditions

::
of

:::
the

::::
two

::::::
periods

::::::
(-45%

::
for

::::::
RCLD

RF :::
vs

::::
-26%

:::
for

::::::::
RCP LD

RF )
:::
and

:::
for

:::
the

::::::::::
normalized

:::::
model

::::::
(-26%

:::
for

:::::::
RCLD

RF N :::
vs

:::::
-11%

::
for

:::::::::
RCP LD

RF N ).
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