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Abstract. The COVID-19 lockdown had a largenpact on anthropogenic emissions of air pollutants and particularly on
nitrogen dioxide (N@). While the overall N@decline ovesome largesities is wellestablishedunderstanding the detaits
guantificationremainsa challengesincemultiple source categories contribbésausafa-variety-ofsources-of-N@ In this
study, a new method ddolationof three componentdackground N@ NO, from urbansourcesand from industrial point
sources igppliedto estimate th&o\AB-19-leckdown-impactof the COVID-19 lockdownon each of them. The approach is

based orfitting satellite data by atatisticalmodelwith empirical plume dispersiofunctionsdriven by a meteorological

reanalysidriven-by-the-ebserved-windPopulation density and surface elevation data as well as coordinates of industrial
sources were used in the analySisetropasphericNO; vertical column densityCD) values measured liie Tropospheric
Monitoring I nstrument ( PRQURDWEEE26H (3° bh 4)anbath arSas fortthe pexidd frém
March 16 to June 13020,were compared withthe average VCDvalues for the same period in 2018 and 204Mile
background N@componentemained almost unchangebe urbarNO, componentleclinedby -18% toé- -28% over most

regions India, SouthAmerica,and gpart of Europe (particularly, Italfsranceand Spain) demonstrated40% to-50%urban

emissionglecline. In contrasthedecline over urban area Ching where the lockdown was over during the analyzed period,

was on averagesonly --4.43%+8%

velmissions from large

industrial sources in the analyzed urban areaseds largely from region to regiorirom +-54.8%+6% for China to

--4040%+10% for India. Changes in urban emissioage correlated with changes in Google mobility datse(correlation
coefficient is 06662) confirming that changes in traffic was one of k&g elements in decline of urban Némissions. No

correlation was found betweehanges irbackground N@and Google mobility dateDn the global scaléhe background

and urban componemiereremarkaby stablein 2018, 2019, and 202With averages of hhnalysed areadseingall within
+2.5% andsuggesting that there were sobstantial drifts or shifts in TROPOM data. The 2020 dag¢alearly an outlier.

The meanbackgroundcomponent was6.0%+1.2%and the meamrban component wag6.7%+2.6% or 2d@ b etheo w

baseline level from the other years
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1 Introduction

Nitrogen oxides (NOy =NO. + NO) areair pollutans that originate from various anthropogeffigel combustion) and natural
(e.g., biomass burning, lightnihngourcesandNO,-whoseemissions are regulated in many countrigsellite measurements
of 0Gne componentof NOy, NO, has-have a long historyef-satellite—measurementtn the stratosphere, the SAGE
(Stratospheric Aerosol and Gas Experiment) instrument prowdagrofile information through the stratosphere beginning

in the mid1980s(Cunnold et al., 1991)Satellite observations of tropospheric N®lumnsare more recent and began with
the nadirviewing GOME (Global Ozone Monitoring Experiment) in 198@artin et al., 2002)vith several successors, chief
among these OMI (Ozone Monitoring Instrumdiityincan et al., 201 Krotkov et al., 2016; Lamsal et al., 202927, Levelt
et al., 2018)pnd, most recently TROPOMI (Tropospheric Monitoring Instrumerftyanvan Geffen et al., 2020; Veefkind et
al., 2012) Collectively these instrumentsave been usetd better understandO, sources, sinks, distributions, atrénds
(Beirle et al., 2011, 2019; Liu et al., 2016; Lorente et al., 2019; Lu et al., 2015; Martin et al., 2002; McLinden &2al., 20
Stavrakou et al., 2020; Virghileanu et al., 2020)

One primary NQ characteristic provided by satellitestisposphericvertical columndensity ¥CD), a geophysical

guantity representing the total number of molecules or total mass per unit of eiredropospherelhe main features dhe

tropospheridNO, VCD distribution are welkstablishedDue to its relatively short lifetime, a few hours within a pluate
duringthedaytime, NO: is elevatechear sources such agban areaéBeirle et al., 2019; Lorente et al., 2019; Lu et al., 2015)
and industriakeureedocationssuch as power plantnd oil refinerieqLiu et al., 2016; McLinden et al., 2012pver high
mountains, NQVCDs are relativelysmadh s t he t r op o s p hwith fewet emissioe sourceshifi trabks and e r 0
major highways alsoreate elevateNO, values on satellitmaps(Beirle et al., 2004; Georgoulias et al., 2020; Lialet2020;
Richter et al., 2004)

impact onthetroposphericNO, emissiondevels first in China and therworldwide (Bao and Zhang, 2020; Bauwens et al.,

2020; Ding et al., 2020; Gkatzelis et al., 2021; Kanniah et al., 2020; Keller et al., 2021; Koukouli et al., 2@24|.| R020;
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Vadrevu et al., 2020; Virghileanu et al., 2020; Zhang et al., 202&ps demonstrated that N®urface concentrations and
VCDs have significantly declined theU.S. and Canada after millarch 2020(Bauwens et al., 2020; Goldberg et al., 2020;
Griffin et al., 2020) A decline of about20%to -25% was observeid the U.S. megacitiesas well as over sonraral areas.

A decline was alsoeportedover Europe€.g.,Bar et al., 2021Barréet al., 202}, India (Mirsa et al., 2021; Hassan et al.,
2021), PakistanGhaffaret al., 2021Mehmoodet al., 202}, Brazil (Dantas et al., 2020; Siciliano et &020) andotherparts

of the worll (Ass et al., 2020; Aydin et al., 2020; Fu et al., A020alsaliscussed in overview papefSkatzeliset al., 20021;
Leveltet al., 202).

The impact of the lockdown on tropospheric NNGCD from satellitedata wasften estimatedoy comparing mean

or median values over a certain area for the petiefisreand after the lockdow(e.qg., Qu, et al., 202Barréet al., 2021;

Mehmoodet al., 2021 Hassaret al., 2021 see also online todittps://so2.gsfc.nasa.gov/no2/no2_index.hcdessed Dec.

18, 202) or asthe values weightedccording tothe population densitySannigrahiet al., 2021) This makes the results

depenénton the areanalyzedand sensitive to the wind speed (Goldberg et al., 202iExe is also free tropospheric NO

that could mask the lockdownglated changes in anthropogenic emissi@ilwern et al., 2019)Moreover, meteorological

variability was alsa contributng factorto the differences (e.gBarréet al., 2021 Griffin et al.,2020 although some studies

found thatits impactmay not be very largéBar et al., 2021).

An alternativeappoach is based on estimataiiNO, emissionsising satellite data and then compagthe emissions

estimates before and after the lockdostarted(Lange et al., 2021 There are several methods to estimate the emissions
(Streets et al., 2013Methods such as inverse modellifipnovalov et al., 2006; Mijlingandvan Der A, 20125nd, more

recently, flux divergencéBeirle et al., 20192021 are used for such purpose. One comismmniques based on a rotation

of satellite NO pixels around tb source so the NQilata would appear if the wind is from one common direcdiowing

many overpasses to be combined. These rotated data are then integrated inteddissction and then fitting the results

with an exponentially modifiedaussian (EMGJ¥unction (Lange et al., 2021; Pommier et al., 2018he two unknown

parameters, the emission strength and lifetime are estimated directly frétirttome-dimensional space. The method works

well for isolatedstationary point sources and with steady wifl8sirle et al.,2021) but may not work in the areas where

emissions from closly located multiple sources are mixed with urban emisSimtherapproach employs a tadimensional

EMG plume function of the wind sped®ammers et al., 2019; Fioletov et al., 20McLinden et al., 20@). The plume

function depends on three parameters: the plume wlit#time, and emis®n strengths. While all three parameters can be

estimated from the fit, the algorithm works better if the plume width and lifetime are estimated in advance and theedprescrib

in_the fit to _estimate the emissiastrength This algorithm was further impred to account for multiple sources area
(Fioletov et al., 201)¢
A different approach was used in this study. A statistical model was used to describe the TROPQidiaN©er

3° by 4° areagroughly, 330 km by 330 km at 42°M)yound majocitiesand isolate three components relate@liolumes

3
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from urbansources(2) plumes fromndustrialpoint sourcesand(3) background N@ The parameters of thetatisticalmodel

link the satellite N@values to proxies realted to elevation and pdmpiadensity as well as tocationsof largeindustrial

point sources. Thethe three components in 2020 were compdeetheir values in 20182019 to study the COVI£19

lockdown impact. The paramaters have simple physical interpretsticin agooint sourceor area emission rates and the

backgroiuund N@distribution. As the model has onlyfew paramaters and their estimates are basestveal hundredof

TROPOMI pixels in each area, statistical uncertainties of the parameter estimateg ansalierThe veability of NO; itself

due to meteorological or observational conditions was studied by comparing the parameter estimates for 2018, 2019, and 20~

that werenot affected by lockdowns

and

helheis algorithm is based

on a multisourcelume dispersion functidiitting approach developed fetlfur dioxide §G,) pointand aregourcegFioletov
et al., 2017; McLinden et al., 2020) assumes that each source produces a plume that depends on unknown emission strength
and these emission strengths are derived from the best fit to the satellit€datdgorithm was adapted for N@here

emissions from urban areas, which tend tddminated byesidentiabnd mobile emission sourcegereoften a major source

Since the approach is based on statistical m imibtwas necessary to ha

sufficiently long data set to redutiee impact ofnaturalfactors such as meteorolotgiyatcan cause NOVCD differences of

~15% over monthly timescalé&oldberg et al., 202Q.eveltet al., 202). We usehreemonthperiods with theaverages for
Estimatesforhireemonthlong the period from March 16 to June 1802Q arecompared teimilar-estimatabhosefor-the
same-perieth 2018 and 201%r the3° by 4° area around263261major cities worldwideAs the study is focused on relative
NO; changegslue to the lockdowrpossible systematic errors related to the TROP@ttlevals(Verhoelst et al., 2021gnd

the algorithnfitting parametergFioletov et al., 2016)lay a much smaller role thamthe case of absolute emission estimates.
This paper is organized as followecton 2 describevariousdata sets used in the study; the analysis algorithm is

discussed irSecton 3. In Sedbn 4, the COVID-19 lockdown impacts studiel. USA and Canadareanalyzedn detailto

illustrate the method, thestatistics for Europes-areprovided and finally results fahe entire world are presentediscussion

and conclusions are given in Sémh 5. The algorithm is described in Appendbdditionaltechnical informatiorandstatistics

for-individualregionsarearegiven in the Supplement.

2 Data Sets
2.1 TROPOMI NO2VCD data

TROPOM], onboard of the European Space Agency (E8AJ EU Copernicu$entinel 5 Precursor (S5p) satelliteas
launched on 13 October 200#/an Geffen et al., 2020; Veefkindetal.,2012) The sat el |l i te foll ows
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Earth (825 km) orbit with a daily equatorossingtime of approximately 13:30 local solar tiiean Geffen et al., 20195t
nadir, TROPOMI pixel sizewere3.5 x7 kn? at the beginningf operation andverereduced to 3.5 x 5.6 khon 6 August
2019 and the swath width is 2,600 KiROPOMINO, VCD valuesrepresenthe total number of molecules or total mass per
unit areabelow tropopausandareoftengiven inmoleculesor moles (memoleis equal to 6.022x2moleculesper square
metre orcentimetreas well as irDobson Units (DU, 1 DU = 2.684.0' moleccm?). In this study,level 2 TROPOMI data
available fronthe Copernicus open data access Hitp$://s5phub.copernicus)ewere usedThe reprocessed (RPR@ata
versionV1.2.2 was used for 2018 anfiline mode (OFFL) data of version \2.2to version V1.3.2 were usdor 20192020
The2021 datqV1.4.0)were usewnly to estimate thinterannualariability. The standard TRABPMI product,tropospheric

vertical columnspased on air mass factors (AMFs) calculated usiegvertical profile of N@from the TM5MP model at
1°x1° resolution(Williams et al., 2017)vas usedin the analysis, & useonly data for which the quality assurance value is
higher tharD.75(VanvanGeffen et al., 2018Also, satellite pixels with snow on the grourasolar zenittanglegreater tha
8075 degrees and with clouddiancetraction above 0.8vere excludedrom the analysis

The specifiedrandomuncertainty 6 a singleTROPOMItropospheric NQVCD measurement igx10* moleccni?
(or 0.026 DU) (ESA EORGMQ, 2017) Tack et al., (2021)estimated thisuncertainty and found it to be
5.46 0x 4“@o | e 'c? Themis someevidencethat TROPOMI NQ s biased lowby 14%-40% over polluted areaslue
to a limited spatial resolution of the el used to calculate the AME3udd et al.2020;Verhoelstet al., 202; Zhao et al.,
2020. Thisbias can be reducduly recalculatiorof AMFs with higher spatial resolutioi@hao et al., 2020Tacket al., 2021

The biasescaused by limited spatial resolution of AMEswever, maye lower if spatially averaged data are considered

(lalongo et al., 2020Q)Moreoverthe differences between 202819 and 2020 datthat are studied here, should not be affected

by suchAME -relatedbiases if the vertical profiles shapes have not chafigacelt et al., 20211
The TROPOMINGO:; distributionover the US and southern Canaslahown in Fig.1The data arstratifiedby the
wind speed to highlight some of tifieaturesof the NO, VCD distribution.NO, valuesare elevated ovetarge-citiesighly

populated areaasis particularlyevidert from the maps for low withspeedvhere the N@remains abseto the source before

chemical or physical removatig.1 also illustrates the fact tiHBROPOMINO, valuesover megacities are higher under calm

winds and lower over high winds (e.Goldberg et al., 2020Elevated NQ values are atsobserved over power plants and

mining operations (Goldberg et al., 202The NO, VCD distribution also depends on local topaphy(Kim et al., 2021)

For examplesSmaller values overlevated areasuch aghe Rocky Mountains and Appalachiaasd higher values over
valleyssuch the CaliforniaCentralValley are evident from thmap There is also some backgroud@®. that can be seen even

over remote areasith no majoranthropogenisources NO, VCDs are not negligible (about 5%@n?) over vastemote

areas such as National Forests in Montan@gonquin Provincial Parkn Ontario as well as over the oceans

As TROPOMI has only ondaily overpass at mosbcations, diurnal N@variations may affect emission estimates.

Measurementfrom the ground demonstratehat unlike surface concentrations, the diurnal variations ob NGDs are

relatively small particularly in sprindHerman et al., 209;: Chong et al., 2008 However sincenigh timeNO; information is

not available fronsatellite we shouldsay that all the results presented here are limited to daytime emisslgns

5
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2.2 Wind data

As in several previous studi€¢Bioletov et al., 2015; McLinden et al., 2020; Zoogman et al., 2€Hi&)plume dispersion
function (discussed below in Sect. B)based on theind speed and direction obtained from thetewological reanalysis
For each satellite pixelyind speed and directioneretaken-frentalculated based dBuropean Centre for MediuRange
Weather Forecast€CMWF) ERAS reanalysis datdC3S, 2017; Dee et al., 2013yhich were merged withfROPOMI

measurement§ he wind profile data have onbourtemporal resolutiomndare availablen a 025° horizontal grid U- and

V- (westeast and southorth, respectively) windgpeed components wetleen linearly interpolated to the location of the
centreof each TROPOMI pixel and to overpass time. ERA5 wind componentsat 1000, 950, and 900 hRereaveraged

(that approximately corresponds to the mean winds bet@esa 1 knj._This intervalwascomparabléo the wind data used

in other similar studieBeirlelet al. (209) used data at 450,while Langeet al., (2021), used data from 100 Tine results

are not very sensitive to theind heightprofile within this rangeas waspreviouslyinvestigated byBeirle et al.,(2011)
because the boundary layer wind is relatively constant, except close to the.surface

2.3 Elevation-emissionand-population-Population density data

The Gridded Population of the World (GPW) data6&EDAC, 2017)was usedas a proxy for therbancomponentGPW

data are 0.042 degree2(5 areminute grid andconsists of estimates of human population density (number of persons per

squarekilometre) based on counts consistent with nati@ealsuses and population registgvéien lower resolution data were

required, they were obtained by averaging the original data within the new gridnfeti:ation about large city location and

population that was used to selectties for the analysisywas obtained from the World Cities Database available from

https://simplemaps.com/data/wortities (accessed on May 10, 202Tp-verify-the-obtained-resultsnotherproxy—night

2.4 Industrial point source locations

The algorithm of this studyequirescoordinatef industrial pointsources as an inpun addition, emissions dafrom the
U.S.and Canadareusedto verify the emissiongstimatedrom TROPOMI data iafermation-about-emission-sourcess

ed-in-bao-main-Wavs- oordinates obstdd-so Qg/are ad to o hlich o ons-of poin 0 e< in tha |tt|ng

ah A edThe niah ah d e from-\ hle In edlmagina-Radiomete e (\/IP onboard omi-National
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For the U.S.20182020and-Canadapnenthly-point sourceNOy emissions from the U.S. Environmental Protecti@ency
(EPA) National Emissions InventoflNEI) (EPA, 2020)andannual-emissionsom-the-Canadian-National-Polld

dataarebased ora continuous emissions monitoring syst@EMS)areused -+-e-Note thatCEMSdatabase is basedn real

emissionmeasurementseported wih 1-hour resolutionthat were then averaged over the analysed pefibid database

includes most of the sources including all large power plawis
available—up—teOetober2020 For sources that are not available from NMEHMS emissionsfrom eGRID database
(https://www.epa.gov/egrid/downloathtg accessed on August 5, 202dr 2018 and 2019 were usedheyarereported as

annual emission estimates and we assume_thantiesion ratesrethe same throughout the yedhis database includes

emissions from oitefineriesandcement factoriethat are often not available froNEI-CEMS. Finally, U.S.airport emissions

areobtainedirom 2017NEI versionreleased idanuary 2021https://www.epa.gov/aiemissionsnventories/201hational

emissionsnventorynerdatd. For Canada, annual emissidnsm the Canadian National Pollutant Rekeésventory(NPRI,

2020)areused.

by-dividing-2018annual-emissions-by Only sources with annual emissiongreater thari-0.5 kt of NOy per year were
selected and used in this study.

Hated

tnformation—aboubnnualCoordinatesof the Europeanemissionsindustial point sourcesvere obtaineds—available from
European Pollutant Release and Transfer Registgys://prtr.eea.europa.gubr 20072017 (accessed on March 2, 2021
And thosethatemittedmore thar0.5 ktyr?* of NO, are included in the analysiShe-emissions-database-includes-two-files:

atabase doesnotinclude data

The world powerplant  database
(https://globalenergymonitor.org/projects/glotealal planttracker/)was usedo find locations of power plants for the global
analysisN i i

gddissing sourceghat
weredetectechddedrom-satellite-dathased on thanalysisof the NQ residualsnaps (se&ection3) andwerethenidentified

confirmedusing satellite imaginargs was previously dorie otherstudies (e.g., McLinden et al., 2016; Fioletov et al., 2016,

Dammerset al., 2019Beirle et al., 202)L Satellite images fromsuch-assoogle(https://www.google.com/maps Microsoft

Bing_(https://www.bing.com/mapys andSentinel Zhttps://apps.sentindlub.com/eebrowser/) maps.Multiple sourcesvere

used since some of the imadesn Googlemapsare notalwaysup to date and may not show redesituild factories.

2.5 Elevation data

Elevation dataised in this study are frotm03 degree {to-arc minute gridded global relief ETOPO2v2 database

(NOAA, 2006) When lower resolution da were required, they were obtained by averaging the original data within the new
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arid cells
(accessed on-March 2, 2021

2.6 Google mobility data and analyzedperiod

The lockdown periods due to the COVID restrictions varied from country to country, but in most countries, they

started in the second half of March 20B0the analysed Canadian cities, the lockdown started between March 12 &md 17.

the U.S.,it started between MarciB-19 (Atlanta, Los Angele¥ and Agil 2 (Houston). In Europe the lockdown started as

early as on March 8 (Milan), bdior most of the cities theockdownwas introduceda-after March 14. The second half of

March isalso the time, when the lockdo measures started in many otlegies around the world includinduckland,

Baghdad Buenos Aires Johannesburg.agos Manila, New Delhi, Sydney, and many othefsevelt et al., 2021, their
Appendix B)

It is more difficdt to determine the time of return to normal activities because the restrictions were often lifted in

phasesFor example,n the U.S.afistay at hom@order was lifted betweefpril 30 (Texas)and June 1{New Hampshirg

Moreover, there was nformal lockdown in some countrieBélarus, Japan, 8ith Korea SwedenTaiwan, but a decline in

public activities can be seen even in these countisesell For example, there wasup t040% decline in road transport

emissions in Sweden even in absence of any formal lockd@@uesvara et al., 2021For thisreasonwe use mobility data

as a proxyinstead orthelockdown datesto select the analysed period

The GoogleCommunity Mobility Report data (availabfeom https://www.google.com/covid19/mobilityAccessed

on March 1, 2021yvere used to determine a commonediperiodfor our analysisThese dataepresent the changes in the

number of people at locations of various typempared to a baseline levAlbaseline day representsarmalvalue for that

day of the week. The baseline day is the median value fromwezk period Jan B Feb 6, 2020. Theemobility datacan

be used as a proxy for the urban traféi@., Guevara, 202 Andare known to beorrelated withurban NG emissiongVenter

et al., 2020Bar et al., 2021Misra et al., 2021 In this study they were compared tarban and background N@evelsin

different countriesThe mobility data are available for several categoResults formo b i | i &tail anfdrecreatiGdrare

presented as this category demioated the highest correlation with estimated urban emissiohse etai and recreatian

categorycovess visits to restaurants, cafes, shoppoentres theme parks, museums, libraries, movie theatres siamitar

locations.We will refer to this category as to thi€ooglemobility datad  tbrevity.

Fig. 2 showschanges in Google mobilitgatarelative to the baseline period for the regiamslysedn this study

(see Section 4Puring the three monttong period from March 16 to June 15, 208 mobility data were below the baseline

levelin all analysed region$lote thaffor the thirteen region, Chin&oogle mobility data are not availabnd thdockdown

thereoccurredearlier (in Februarygxceptfor Wuhan, where the lockdown was lifted on ApriN®te that there was no formal

lockdown in the Japan, South Korea, drailwan region, although we still ssemedecline in mobilitydatathere.
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3 The Emissiensfitting algorithms

This section provides only a general description of the methloel calculationformulas are given in the AppendiXhe

approach used in this study is basedbnear regressiomodel All satellite measurements over a certain a@énga certain

periodarelinked tolocations ofindustrial point sources as well as to population density and elevatamiedproxiesby a few

parameters thatharacterisgéheselinks. Thus, information fom thousandssatellite measurements icompressealinto a

handful of parameterand therefore thekstimatesanhave very low statistical uncertaintiéghen, satellite measurements

can befi r e ¢ 0 n s usinautleet regession modahd contribution of three terms of the mode(industrial, urban and

backgroun) can bestudied Such modemay notbesr e r v a c c u r a t waluds of indiyiduaé satellicetpixefs code

will show thatit performs well wherit is used to dscribeathreemonth mean N@VCD distribution oveithe analysedres.

AppendixThe methods adapted fronthe previously designed algorithm for ritdources S@emission estimategioletov
et al., 2017where the emissions are determined from the best fit of satd#ilervatiorby a set of plume functions (one per
source) scaled bparameters of estimation representing the emission strength. Unliken8€re emissions are mostly
generated bypoint sources, N@emissions also originate from area sources such as largeAgtissown in Fig.1llandscape
also has a major impact on the Ndistribution—. To accommodate these featurds statistical modédkem-Fioletov-etal
20+ was modifiel to:

TROPOMINQ = Uy + (ot ba(di db) + bo((Q i (ig))-exptH/Ho) + Uhqp+ B Uq +{d+bferi—e)+ bl —{ig))-expf
HiHg+ 0 1)

wherelh, &, , U, bo, by, andb, arethe unknown regression parameters represeptpglation densityelated proxies and
emissions from individual point sources anackgrounavith contributionfrom the elevationg ,is thesourceplume function
for the populationdensityrelateddistributed source(or area source)y; are the source plume functions for industrial point
sourcesH is theelevationabove sea level antdeempiricalscaling factoHo=1.0 km was introduced to make the exponential

argumentimensionlessindto account for altitudinal deendencéetter andUis the residual noise.

Eg.1 is a linear regression statistical model with unknown coefficienUsetdb. There are three main components

in the modelthe background terpith + ( f+ bu(d i do) + ba({ i (io))-expéH/Ho), related to background and elevation (four

fitted coefficients)the urban component terra, g, relatedto the population density (one coefficierdndthe industrial

term, E Uq; _that represents the contribution frongustrial pointsources (variable number of coefficients from zero to few

dozens). We will refer to them as to background, urban and industrial components.

satellite pixels centered with3f by 4° areasround large citieand collected during #hreemonthperiodby minimization

9
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of the squares of the residual$. (The size of the area is based on the following considerafldveslarger the area theds

accurate assumptions about a linear gradient of backgroupdmdiTonstant emissions per capita are. The algorithm is based

on fitting plumes. Fotypical plume characteristiggliscussed below}he size of fitting area shoulskelong, in order of 10

km, to have enough data for the fiinally, the area should be large enough to avoid correlation betweetettéon and

population densitproxies

As in Fioletov et al.{2017), the plume from a industrialpoint source is described by plumefunctionq ( d, G, =¥
s ,i, idiheredandd are the satellite pixel coordinatesands are the wind direction and speed for that pixel; drahd;
are the source coordinates. An unknown paramefierepresents the total N@nass emitted from the sourcelhe emission
rate for sourcécan be expressed Bs=U/ WhereUis a prescribed Nglifetime (or, more accuratelylecay timebut we use
the term filifeti meod) Not thalissiferentfromithe chenoicaldifetim@enfoyet al., 2015)Once
the emission rate is established, it can be used to reconstruct how distributionevh¥éd by that source would be seen by
a satellitei.e., estimate the industrial component in satellite.data

The plume functiong| areEMG functions that are commonly used to approximate plumes of VCDs of trace gases
such as N@ SQ, and ammonidBeirle et al., 2011, 2014; Dammers et al., 2019; Fioletov et al., 2017, 2015; de Foy et al.,
2015; Liu et al., 2016; McLinden et al., 202@imilar in concept to a Gaussian plume function, they also take into account
the finite physical sizef the source and the spatial resolution of the satellite instrument being utilizetifetime # reflects
the rate at which N@s removed from the plume due to chemical conversion or physical removal such as depajemds
on several factorsush as season and N€oncentrationlt is about 26 hours in summer and longer in win{ele Foy et al.,

2014; Liu et al., 2016Moreover, for somsourcesthe lifetimemay bechanging over tim¢Laughner and Cohen, 20183

NO. concentration declineslthough other studies suggest that such changes are (8taorakou et al., 2020Recent
TROPOMLtbasedestimatesshow tha a typical lifetime in urban areas is between 2 &febursin spring andautumnwith
shorter lifetimes at low latituddtange et al., 2021While thelifetime has a large impact on the emission estimates, relative
changes are less sensitive tdntaddition toz, the shape of the EMG function depends on the prescribed plume wijdth (
that dependsn the size of the source and the size of satellite pixel. The vaiuwe8okm for plume width was used in this
study for TROPOMI along with a constant valuelsf3.3 hoursThe switch from 7 to 5.6 km alortgack resolutiorin 2019
might have some impact ahe optimal plume width, butsthe sensitivity analysis shathat-small changes iw have only

a minor impact on the results We estimated thafor the urban componertn averagea 1-hour deviation from the usdd
value (3.33 hourpr a 2 km variation irw changeshe differences between 2020 and 2@D49 value®nly by about 1%

Unlike many previous studigBeirle et al., 2011; Fioletov et al., 2016; Lange et al., 20#18re the background
offset was presumed to be constant and estimated from, for example, W@irdhta, we included a special term that is
responsible for itin equation (1),leth + ( o+ bu(dT do) + b((i -1 (ig))-expéH/Ho) termrepresents—-he—fA-backgr oun
thatis assumed to be decliniegponentiallywith elevation i.e., within the analyze8 by 4°area, the higher is the elevation
the lower ighe backgrountroposphericelumnNO, VCD. It wasalsoassumed that thiontributionfrom elevation depersd

on geographical coordinates ordnd not on the wind€ven in absence of any sources, there cteldome gradient in
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tropospheric N@over the analyzed area, as for example, over some regions in northern Canada or along the east coast of th
U.S. (Fig. 1). To account for such gradiertts, linear tern (di do)+ b({-Uo), whered, and(ip are thecoordinates of the centre
of the analyed area, was adddd. other words, it was assumed that therelinear gradient ofbackground\NO; within the

analyzed area and NO®CD declines exponentially with height over elevated regiBirslly, (b was added to the model to

account foremaining freegropospheridNO; at high elevationashereexp¢H/Ho) is very close to Ais presence gives a better

agreemenbf the fitting resultswith the satellite data for areas with a high range of elevations. Since this term is a part of the
statistical model, all parametelts, bo, b1, and b, are estimated from the fittingdnce they are estimated, the term can be
calculated for each location within the analySeddxar ea t hat gives a fibackgroundo va
the coordinates and elevation orfar simplicity, we will refer to the term discussatthis paragraph astbefi b ac k gr o u n ¢
component.

Finally, the a, qp term represents themissionscontributionfrom factors, related téumanurbanactivity. Such

emissions can be estimated by establishinegalar grid and then estimating emission for each grid point as was previously
done for SQ(Fioletov et al., 2017, McLinden et al., 202[).for examplewe use &.2° by 0.2° gridi.e., 336 (16 x 21grid

cells), this would mean that we need to 8886 unknown coefficients to Eqg.lt.would make the coefficient estimates less

robust and prevent us from estimating emissions form individuabindl point sources becaub&r plume functions would

be highly correlated with thelumefunctions d theneighboringgrid cells.Instead, we assumed thehissions from each grid

cell are proportional to the cell populatiand the coefficient of proportionality is the same for the entire analysed 3° by 4°

area Thus,we just need to estimate one coefficigdy) that is proportionahnnualemissions per capitahis makes the

statisticaluncertainy of such coefficientvery small. In fact, formostanalyzedareas, the uncertainty were at least 10 times

less that the coefficient itselfhe composite plume functian, is; thereforea sum of plume functions of all individual2°®

by-0-2°grid cell centres multiplied by the grid cell population. Thag,depends on geographical coordinates, population

density and local winds. Theiginal population density data were converte@ @.2° by 0.2%y averaging population density

data within eachrid cell. Smaller grids such &1° by 01° were also considered, but it was found thatrédictionof the

grid size does not change the results, while increase the computation time.

The downside of this approach is thia¢ estimatesvould produce mean emission per capitadaather largerea

This may not be very represeritee if there are cities with different economical conditions within the analyzedaardar

example, at the border of North and South Korea. Such casessdyadentifiable from the maps e fitting residuals: such

cities would appear as areddarge positive and negative anomali®e did find severalsuch caseand manually adjusted

the area to include only oréghly populated area.

with-unknown-ceefficiensetsdandb-The proxyplumefunctionsused in the modgireferably should be uncorrelated, because
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otherwise the coefficients have correlated errors making their interpretation diffieate-are-three-mabmpenentsin-the

and-industrialcompenentd-or a typicalurbanarea, these componerstsould bendependent: high populatiatensity zons
typically occupya small part of the areand industrial sources are typically located away from &ighly populatedzones

Note that the\N O, lifetime is relatively short and the median wind spaedor example, the eastern UiS.about 10 km per
hour, so sorces located 3@0 km apart typically have uncorrelated plume functions.

High correlation between the population and landscefsed proxies is possible if a city is in a valley surrounded
by high mountains. The correlation could be reduced by incrgdle size of the analysed area, but if the area is too large,
the assumption that the background level has a linear gradient in the area may not be valid. Therefore, we limited the area t
3° by 4°.The correlation coefficients between the site elevation and poputiiwity for 3° by 4° areaetypically small.
For example, in the U.S., correlatiom® positive over Florida (about 0&jth the population densitys higher in thenland
areaalove-sea-leveland negative in the Portlai@kattleVancouver area (abot.35), where it is higher near the oceau
lower in the mountainsAs the plume functions of individual industrial sources are very [e€d#l km footprint) they do not
correlatewith the elevation. With such low correlation coefficients, elevation does not affect estimates of other parameters of
the regression model.

When industrial point sources are located in close proxjthigr plume functions in the statistical model (Bcare
highly correlated. In practice, it often appear# afor examplegstimatedemissions from one source are unrealistically high,
while emissions from the other nélay source are low or even negative. In such cases, emissions from individu&iahdus

sources often cannot be estimatEldwever, the sources can be grouped into independent clusters and total emission from

such clusters can be estimated. Such grouping could be done manually ohwcasebasis, but it would be subjective and
very time consuming. Instead, we applied an algorithm based on factor an@lgsigould like to emphasize, that the factor
analysis described in the nextvo paragraphsyas used to improve emission estimation for individual sources or closter
sourceslt is not required if only total emissions from all point sources in the area are estimateelr to separate them from
urban emissions or if all industrial sources are isolated remote sources

To group industrial sources into clusters, @thogonalization process was applied to the plume furxidn
individual industrial sources. First, theorrelation matrix for the plume functiond individual point sourcegqi) was
calculated anéigenvalues and eigenvect¢r r i f o thet corelatian matrixwere determinedlhe correlation matrix
was calculatedust onceusingMarch 161 June 15 data from all three yea#s isolatedremote source wouldppear as an
eigenvectorwith an eigenvalue of 1 Two (or more) closely located, but isoktéom others, sources, would have one
corresponding eigenvector and @igenvalue o (or more). kgenvaluslower than 1 mean that the corresponding sources
are already partially included in ot hdfract grea& ewittolr sei dre
were kept.
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The approach based oigenvalue of the correlation matrix creates proxies that are not correlated and reduces the
number of the fitting coefficients. While they correctly describe the total contributioninfiafitrial sources in the area in the
total NO; variability (or total emissions)individual eigenvaluaseigenvectors i.e., linear combinations of the original plume
functions, may not havelear interpretation. For example, they may include the original plume functions with negative
coefficients.In order to avoid that and obtain proxies that have a meaningful irtegtipre thesigenvalus-eigenvectorswere
linearly transformed, so they became as close to the original plume functions as possible, while the correlation coefficients
between them remained low-——This was done using thearimax factor analysimethodthatis implemented in modern
statistical software packages such as R and®&=a&mekar, 2013)it orthogonally rotatethe establishefl f a c to maxisine
the sum of squared correlations between the original variables and fathens, the algorithm useslinear combination of
the original variables hat have the highest correlations wityibremholled r o't
in order to find the simplest |Iinear combinationsbérshbe
i.e., linear combinations of the original plume functions, that have low correlation coefficients (tyleieatlyard.2) between
them, and each cluster has high correlation coefficigypi¢ally moretharD . 95) wi t h one orthogona
thisfurther, if a linear combination hasveight for an original variable under 0.2 Wweightwas set t®. As a resultall non
isolated point sources were grouped into small clusters and emissions estimates were done for suchnstesigref
individual sourceswhile each isolated remote source forms a sisglace cluster that corresponds to onlyt gaurce. It is
possible that a single source contributes to more than one cluster that makes interpretation of emissions for suchrelusters m
difficult, but such cases are rare.

As in any regression analydissed study, correlation between ginexies is one of the main obstacles in the result
interpretation. The fiorthogonalizati ono o f-copdlationsehetfieam ct i
the proxies, but high correlatiorsetweenindustrial and populatiomensityrelated plume functionsare still possibleif
industrial sources are located in highly populated adeasuch casest may be difficult to separate its signal from the
contribution of the population densitglated proxy.For example,n one case (Edmaomn, Canadathis correlation coefficient
wasas high a®.94and it was not possible to separate urban and industrial emissionskhesmven-citiesn-the-U.S—and
Canhadat-wasbetween-0.81-and-0-85-{for-theremaining-sources—it-isle han-Noté)that ér large cities and small

industrial sources, high correlation means that ithistrial-emissionsfrom such industrial sourcezannot be reliably

estimated, although the impact on estimation of the population deakitgl signal is smallFor this reasonjndustrialpoint

sources located ithe0.2° by 0.2%ells wherepopulationis greater tha600,000peoplewere excludedThis isanempirically

estimatedimit, and in afew casesf very large citie§New York, Moscow) it was manually adjustedWe-meonitored-the

The fitting and parameterseémation was done using all individuBROPOMI level 2 pixels for the period from

March 16 to June 1four times: for 2018, 2012020and 204. So, four sets of coefficients (one set per year) were obtained

and then used to estimate the background levels and emissions. Then, the results for 2018 and 2019 were compared with the
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for 2020.We also performed the same analysis for 2021, but tiessdts were only used to analyze interannual variability

because COVIEL9 lockdowns may still have some impact on N©2021.
As the regression modélas three main termasban-or (background, urban and industriahetNO, VCD for each

TROPOMI pixelis representedn Eq. 1as a sum of three values (componemiss a residuakrror. Thenthe values of

individual componentand residualsan be analyzed the same way as the original TROPOMI measuregengnisean values

over a certain periofin our @seMarch 16 June 1%can be calculated as a function of latitude and longitude.

Thisis illustratedin Fig. 32, where individual terms d&q. 1 are showfor an areaentregenterecon Montreal The
area includes two large citiddpntreal (4.2 million) and Ottawa (1.4 millipincluding the sister city dbatineau). The terrain
elevations in the analysed area are in the range from just a few metres above sea level along the Saint LawremeerRiver t
than 500 meters 100 km north of Montre&br this plot(as well as for Figl and other figurés we used a neofinear scale
that is more sensitive to small quantitiesorderto makesmall deviations more pronouncekthe top row of Fig32 shows
the mean TROPOMI N&data(Fig. 32a), the fiting resultgFig. 32b), and the difference between them or the residuals (Fig.
32¢). individualfitting-componerstsuch-a3-the backgrounderm{th-+—{(—d+bu{d-i—do)—H—Big))-expiHiHo)), urbanid,

&), and industrial componenére shown in Fig2 panelsd, e, and frespectively.

The contribution of industrial point source {q) is illustrated by Fig32 g-i. In the case & Montreal, total
emissions from industrial sources are relatively small, less than 1.8 kt perNgtarthatunlike the previous algorithm
(Fioletov et al., 2017), whemgi represented plume functions from individual sources,rtéwq; represergplume functions
of clustrs of closely located individual souraietermined by factor analysiBhe estimated parametgrepresentsotal NO,
mass ofthe entire cluster, whilg;is a weighted sum of plume functions of individual sources in the cluster. The weighting
coefficients are determined by the varimax technique, described dbake case of Fig32, the first clustelis comprise of
two sources and the second and third clusiereachjustsinglepointsourcesT h e e st i ma t;eepresgnts enaissient e r
from the entire &l uster, required that U

The background and urban component maps have a simple interprefagioms 3 | and k shows maps of the

elevation and population density respectivelyt Surprisingly the background component, that is dominated by dcale

elevationooks similar to the elevation map itselhe urban componentike population density map camiuted with EMG

functions and therefore it looks like a smoothed population density map.

The suggested algorithm essentially finds the emission levels that give the best agreement with the TROPOMI data

NO,VCDand then uses t hes ethesmtialN@distrisuson asavellfas centribution framweach source.

As explained byFioletov et al.(2017) the technique datelliteVCD reconstruction from fitted coefficientusing Eq.1 to

isolate different components, can be applied to the reportessiemsE;. by usingU= E;-U This produces a map of VCD that

would be seen by satellitéfsthese reported emissioase theonly sources oNO,. The same approach was employed here

using U.S. emission inventoridsor suchestimates,te ratiobetween N@and NQ is requiredBeirle et al.(2021, their Fig.

2), has recently estimated the N© NO; ratio for different parts of the world and found that the ratiabisut 1.4 over the

U.S. andypically between 1.2 and 1.6lsewhereThe value of 1.4 was used in this study.
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The quality of a regression model can be described in terms of the correlation coefficient between the original and

predicted values. In case of Montreal, the correlation coefficient of about 0.55. l.e., aabetbhalf of million original

TROPOMI observations over thé By 4° area during a thremonth period can be described by just 8 parametrish( bo,

b1, andb, plus 3 coefficients for industrial sources). The model can be furiingproved by adding parameters responsible

for workday weekend differenceseasonal changesnd meteorologicabroxies(Goldberg et al., 2021; Kim et al., 2021)

However,we focused othemean NGQ change®vera 3monthsperiod,and they can bsuccessfullyestimated without such

additional parameter$ig. 3 shows that he fitting results are able t@produce sucimeandata accurately: in the case of

Montreal,the coefficient of determination fR i.e.,the ratio of thevariance of the residual&if. 3 c) to the variance dhe
averaged TROPOMI dat&if.3 a) is between 0.9 (in 2019) to 0.98 2020 meaninghatf i t t i ng resul ts ey
to 93%of the observed variancéhePearsorcorrelationcoefficientl between theneanTROPOMI data and the fitting results
is about 0.8 (Fig.31).
The necessity of both linear gradieahd elevatiofrelatedcomponents in the backgroutetmin Eq.1is illustraed

by Fig.4. If the surface is nearly flat in the analysed area (as, for example, in the case of Minneapélig, f#ig.background

component is dominated lilge linear gradient. However, the elevation affects the Nitribution near mountain areas as,

for example, in case of Seattlehere mountains as high as 2000 m are located east of the city (Eidt is interesting to

note that thébackgroundcomponentsre practically identical for both periods that gieehligh confidence in the obtained

results. The influence of the landscape on the Hi€tribution also explains why the distribution near Seattle does not look
| i ke a A hdstricutoo riear a thipi@al large urban area.

Since he fitting resultsare based on just a handful parameters, the approach of this study is to investigate changes

in these parameters or thieeeregressiorerms themselvesetween 2020 and 204919.

4 NO2 VCDs over some urban areas

To test the methodhé described technique was applieth®22 largesturban areas in the.8 and 5 in Canadgrig. 5). Four
exampleswith detailed analysis dhe components dhe NQ distributionare discussed belowith results shown in Figh4.
Eighttypes of maps arshown. They includenean values for the analysed periodtfar actual TROPOMI dat@olumna),
the fitting resultgb), the residual¢c), i.e., @) minus b), aswell as individual components of the fitting: thackgroundd)
andurban{e}l componentsand thendustrialsourceclusters(f).

As mentioned in Section 3, reportethissioncanbeu s ed t o Areconstr uciemitted@dn di st

these sources using Eq. i rathy-fi 1SSl . R eement with the
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NO,—ratio-is-eonstant-0-7The mays of NO, VCDs from thereportedbottomup emissions is shown in Fig4 (column{g).

We would like to emphaise that such reconstruction is basediodustrialemissions data only, without asatellite NQ
observationgalthoughUandw in the plume functions/ere the same as the satellitebased estimates¥inally, the maps of

the difference betweemROPOMI industrial sourceselated componentig. 6,_columnf) and NQ VCD from reported

fibotemssimnu p o0 e rbasedreconstructigirig. 6 columng) is also showin Fig. 6 (columnh).

4.1 Case studies

Fourexamples that represent different cases of di§iributiors around large urban arem®discussed belown the case of

Boston, there is a single urban source with no large industrial sources nearby and with relatively small impact frain.the terr
The Atlanta area represents the case where the urban componentsspaedited from indus#li sourcesand the area also
contains the world largest airpohh thePittsburgharea, industrial and urban sourtese comparable contributions, and the
TROPOMLbaseindustrial emissions estimates can be validateEB# NEI CEMSmeasured emissions. Miple industrial

sources in the bliston area ammissingfrom theusedEPANEI CEMSemission database amdthis example emissions from

the EPA eGRID databasan be compared with TROPOMABsed estimatabis-example-ilustrateshy-it- was-necessary to

Boston is a major urbaareawith a population of more tha8 million (for theCombined statistical arez Greater
Boston).On the TROPOMI N@map (Fig64, coumna) , it appears as a | arge fAhotspo
by the statistical model (Eq.1) using the population density as a pFosyn our estimateshére isa-2524%+2% decline(the
error bars correspond to®® f o r uncemaititp SBe Section 4)3n the urban emissions in 2020 compared to the 2018
2019 averageOur estimates of urban emissions changes in 2020 are similar #»2tB8&drop in TROPOMI NQ values
estimatecy Goldberget al., (2020) for the period froMarch 15 to April 30; and18.3% drop estimatdaly Bar et al., (2021)

for the period from March 22 to May 3@-Bostonalso shows one of the largest in the U.S. declines in the background

component (about520%+0.5%). Althoughthe background componentrist linked to particular plumet,is likely that very

high emissions fronthe largest in the U.SNO, hotspot ovethe New York-Philadelphiacontributed to the background NO

over Bostorand decline iremissionghere causedhanges in thbackground N@over Boston.

Our estimatef the urbanemissiondeclinefor Atlanta is about35%+2%. It is more tha a-20% declineestimated

by Goldberg et al., (2020However, changes in thieackground component where ordypout-13%+0.4% while the

background component/er Atlantais comparable to the urban componestdeclineof the sum of the two components over

Atlanta should be abot23% The urban componeestimatesire based ofitting of the plume from the city itselfthere NQ

is dominated byon-road vehicle emissions Kondraguntaet al., (2021) estimatethat the decline inon-road emissionss

about-28%, that is closer to ouestimate The Atlanta arealsohosts theHartsfield Jackson Atlanta International Airport
(label |l ed 6a@&dumrh), 0 tihe Rviogaipdriwih mone thandG) million passengers per yr&0182019
(https://aci.aero/dateentre/annualraffic-data/passengers/20passengesummaryannualtraffic-dataj—— The Atlanta
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airportNO; signal can be easily isolated since the airport is located far away from industrial $tinercesrelation coefficients
between the plume functions are less than @®pnata di st ance from At | an(thacorcelatioly 6 s
coefficient is 0.54) VCDs estimatedfor the industrial source clustegsolumnf in Fig. 64) are in line withthosebased on
reportedemissiongcolumng in Fig. 64).-\A i

6.4+0.2, 2.96.2kt ytin 2018 2019 and 2020 respectivelwhile the EPA emissions inventomalueis 3.7 kt y* for 2017

(thelast available year)Thus,our estimates show 56% decline in airport emissiornsetween 2019 and 2020he decline in

aircraft operations for thanalysedoeriod was about5%6 for passengeflights and 25% for cargo operatioaccording to

Department _of  Aviation, Hartsfieldackson Atlanta  International  Airport, https://www.atl.com/business

information/statistics/accesse@n Nov. 15, 2021)A

within-the-areaxceptformountaint-the-northa half of that value for 2020.
The Pittsburgh areacludesthe cities Pittsburgh (population 0f2.4 million) and Cleveland (~8.million) andhas

one of the highest emissions from industrial sources ar@analysed areaSeveral coaburning power plants are located
east, west, and south of the cither emissiongrem-themare comparable or even larger than freitisburghthe-cityitself.

TheNQdi stribution around maj or i nreporsetemiss@igFigtocolumagd)ss sifilare c o n s

to the NO, distribution from industrial sources based on satellite estinf&igs, columnf 4). The differences(column f
minus colummg) are small although O, from thereported emissions are slightly larger for the cluster of power plans east of
the city. The totalreportedemissions from all industrial sources in the Pittsburgh ared3, 37, 26 kt y* for 2018, 2019,
2020 respectivelywhile our estimates ar@6, 34, 24 kt y* (with 2-0 uncertainty of about.5kt y*)), i.e., the 2020decline

from our estimates i85%, while the declingn reported emissions 31% The urban emissions declined frompout
4972+1.42.3 kt y'in 2018 and2019 t02536+1.2 kt ytin 2020, i.e., by5150%.

In the case of Houston, the EmEI CEMS emissions inventory contains emissions from the power plants in the

area, but not from large oil refineries that are responsible for hotspots seen on the TROPOMI pah N@ir coordinates
and emissionsstimdaeswere obtained from the eGRID inventoiijhe reportedndustrialemissions values for thanalyzed
Houston arean 20182019are 17 kt v, while our estimates ar@6 and 31 kt y* for 2018 and 2019 respectiveind the

estimated value for 2020 83 kt yL. It appears thaTROPOMLbased emissions estimates agree witlissions from the

power plant§rom CEMS but noticeably larger thagmissiongrom oil refineries available frorthe eGRID inventoryFig. 6,

columnh). Our estimatedhangesn backgroundaindurbancomponents fothe Houstonarea are2.3%+0.4%and-18%+1.6%

respectivelyi.e., we see a decline in thebancomponent angracticallyno changes in the two other componesidberg

et al., (2020) estimated the decline over Houstol 516%, although the spread between three used methods of estimation is

large, from-26.3%to -1.9%.Note that théockdownperiodin Houstom was relatively short, from April 2 to April 3&-erder
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4.2 Relative contribution of different components

NO; VCD represents totalumber of molecules, and equivalenthass per area unitWhenindividualbackground, urban,
and industriacomponentsffectingof the NQ distribution areknowrestimated as described in Sectigritds possible to
calculate the total NOmass, of each dhe componentandestimate their relative contributido the totalNO, massbased
on-Eg-1 The diagram in Figré shows suchcontribution of individual components for tMontrealarea(Fig. 3d, e, j. Most

NO; mass isassociated with the terrelated tahe backgroundomponentFor theMontrealarea, he contribution of industrial

sources igour timeslessthanthe contribution othe urbancomponentind the twaf these components aresponsible for
less than a quarter of the total N@ass in the aredrelative contribution othe threecomponentsn the other areasor the
20182019 period are shown in Eig17. Mostof NO, mass belongs tihe backgroundomponent thais notdirectly linked

to-particlarurban-or-industrisburcespPlumes fromurban andndustrial sourcesThese plumesor-te-be-precisdl, gpand
ZUgtermsin-Eg.dare responsiblerless thabout a third oi-a-third-oftotal satellite estimateNO, massn New York and

Los Angeles andar less inthe otheri-eftheanalysed3® by 4° urban areas the U.S and Canadahis result depends on a

particular size of the area, but the fraction of the background component is larger for larger @liegaajasurban areas are

already included in the analy

Fig. S17 also shows thatlO, massemitted from cities are larger than emissions from the industrial
sources for most of analysed areas in the U.S. and Canada.

Note thatcharacteristics such as the mean background valuaranglemissions per capita are much less
dependent on the arei@esand the rest of the study is focused on théne-tetal-industrial-emissiombvicuslydepend-en-the

cewrsootecntodindhonnnlsod aren,
The mean N@distribution near major emission sources has sharp gradiedtestimates-ahe NO,lifetime-from

satellite-datathatsuggest thatisthe NG lifetime timeis relatively shortpn the order o few hourghat is also confirme

by direct estimatefBeirle et al., 2011; de Foy et al., 201B)owe\er, large background componenty suggesthat the

lifetime should be relatively longince NQ distribution follows the terrain over large are@his difference in the lifetime
could be reconciled if we assume that a fraction of B@itted from citiesaand industrial sourcegets into free troposphere
and have a longer lifetime there than near the groflsw, levels of the OH radical, the main chemical Nk, within a
plume can be much larger thann d e r  ¢orditiansanddNQ lifetime could beonger under such condition than in the
plume (Juncosa Calahorrano et al., 202@her sourcese.g., lightningor soil emissionsnay contribute tobackground

componentNO; directly. The background term can also include componentstratospheric N@that was imperfectly
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removed as part of the retrieval algoritiinon Geffen et al., 2020Finally, estimates of N@lifetime from TROPOMI data

(e.qg.,de Foy et al., 2023.iu et al., 20161 ange et al., 202lare based on daytime observations only. However, the lifetime

at night could be differerKenagyet al., 2018ndnightime enissions and NQevolution during the nighs are not reflected

in our estimates.

4.3. Variability and u ncertainty estimates

Two characteristicef uncertaintieof the estimated N&componentare calculatedand the results are presented in

Tabe 1. Uncertaintieselated to theandommeasurement errors can be estimassuming that theesidualsUin Eq. 1 are

uncorrelated and have the same variaroey

total number of satellite pixels in the statistical model is vayelaseveral hundred thousamadd the number of parameters

is smal, such uncertainties are typically loWhese uncertaties are calculated fdhe three components @ach analysed year

and the average value for each giagercent) argiven in Table lasfi r a n etrordmOn average, these random errors are

about 0.25%, 1% and 3% for the baseline, urban, and industrial components respectively. The random uncertainty represen

how precise the component value is calculated and provides the lowest limit of the total niycertai

Interannual -variability is another characteristic that reflect uncertainties related tocthé&ibutions from

meteorology, possible instrument or algorithetated issues, differencés sampling due tavariationsin cloud cover and

perhaps, othefactors. It is also affected by the changes in emissions themsihsernalvariability can be estimated by

comparing the componentsstimated for different year§he 2020dataare not usedhis estimate sincéhey were largely

affected the lockdows Instead, we added estimates for 202d aalculate the standard deviations from the three values

(Table 1) Fhe-uncertainties-estimated-from-ydanyearvariabilityAlthough estimates from just three data points mao¢ very

reliable they show similaresults for most of the analyzed areas and their averagbecased as a characteristic of the

interannual variability. The average standard deviatiohthe interannual variabilitjor the background component is only

7.5%.The interannual variabilities for the urban and industrial components are 10¥8%nekspectively The interannual

variability represents the upper limit of the total uncertainty.

The uncertainty of the percentagjgange between 203819 and 2020 valuesascombination of the uncertainty of

the baselingestimated from just two years and the uncertaintthef2020 value. This gives the following values feil 2

confidence limits for the percent chang®&8%, 24%, and44% for the baseline, urban, and industrial components respectively.

4.4 The COVID-19lockdown impact: the U.S.and Canada

The ability of the method tasolake individual component®f the satellite measuretbtal NGO, mass makes it possible to
estimate the impact of the COVHLS-relatad lockdown on these componergsparatelyAs mentioned, we compared the
averages for the period from March 16 to June 15 in 2018 and 2019 to the same period averages for 2020.
Toillustrate the changes in thl@ckgrounccomponent, Fig3 (top) showsthe mean VCD valuesf that component
shownin Fig 46, columnd (or, in other wordsthe mean value ofh + ( d+ by(di do) U -b (o))-expEH/Ho)) for the

19



10

15

20

25

30

analyzed areas for the tvtione intervals(left column) as well as the percentage chaimg2020vs. 20182019 valuegright
column). The mean value of decline for thackgroundcomponents among all urban aresas6.56% + 3.03%. As mentioned,

the largest decline of the background component was obsaniaston. The decline was also largeqwth20%, over two

areagEdmonton and Calgaryn Canadian province of Albert#.is unlikely that this decline is related to tleekdown: the

restrictins in Alberta were not as tight as in many other adg:some noressential cervices were closed on March 27 and

the restriction started tbe eased in Mayhftps://edmonton.citynews.ca/2020/12/24/20@0k-backalbertaspandemie
responseaccessed on Nov. 20, 202[).2020,Albertahadai hi st or i cal | v | oowline lof202Qdiles had for
burned just about 450 hectares of forest compared to 650,000 hectaredy June of 2019

(https://globalnews.ca/news/7396849/alb&®@0slowwildfire-season/ accessed on Nov. 10, 2024nd herefore, lower

than normal natural N&emissionsand lower background levels

The changes in therbancomponent are shown in Figy(middlerow) expressed asnnualNO, emissions per capita.
Recall, that emission rate is the mass divided bgtimstantifetime(that-was thereforethe percenichanges in emissions per
capita and the changestotal mass are identicalhe relative changdor the urban componerfFig. 8 right columr) are

typically larger tharthosefor the backgroundcomponentThe average total emissions per capita declined28% in 2020
compared to 2012019 averagéfrom 5.6 to 4.2 kg per-capiteper yeay. The median value of decline amonguaban areas
is --3226% and he mean value gbercentagelecline is-2627% + 5-66.2%. The changes iremissions per capita are rather
uniform except Vaoouver where 2020 emissions d&%% largerthanthe average 2018019 emissionsThe reason for that

is not immediatelglear butmay be related to unusual meteorolagyl persistent cloud covigrere in 2020Information about

statistical

Edmontonis excluded from this par@keladed—ﬁrem%&naﬁ@hecaus@h&plmrei&neﬂens#enwo industrial sourceare
ion-B)cated in the city itseland thereforeit is

hard to separatéeir emissiors from thenthe urban enissions Without such separatiomdustrial emissions are counted as

population densityelated thaimakesEdmontorannualper capita emissions nearly twice largenemissions for other cities
{see-SupplementB)

The number of sources and emission strength from large industrial seargesfrom area to aregsome areas, e.g.,
LasVegas do not have such emissions sources atTéié total emission from all largedustrial emission sources and
percentage change in emissions are shown in8Hjgottomrow). The mean value gbercentagaleclinein the areas with
industrial sourcess -2822%+611%. Unlike background andrbancomponentschanges in emissions fromdustrial point

sources demonstrate rather large scattdrimg one area to anothét is not a surprise sinde addition to the difference in
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the strengthandlength of the lookdowibetween thereasthereis a differencan the lockdown impacbn variousindustrial

Overall the 2020 values for the baseline and industrial components at individual sites are2witlivinits of the

interannual variabilitythe grey dashed lines in the righainel of Fig. 8with just few exceptions, while 16 of 27 urban

component values are outside thissts.

Sinceindustrialpoint sourceemission estimatesre obtaind as part obur TROPOMINO, VCD data analysis, such

estimated emissions can be compdrethe reported onefn generalthere is an agreement betwesstimatedand reported
emissionsas was already demonstratedrig. 46 a. The scatter plot of estimated vs. reported emissions in-2018 is

shown in Fig9 for the US. urban areastach dot on the plot corresponds to one urban area emissions in either 2018 or 2019

with the total of 40 data pointE

available.The correlation coefficients between the two datafsets Fig.9 is 0984. The slope of the regression line is about

0.7 suggestig that, on average, our estimates are 30% higher that reported emiEs®standard deviation of the residuals

is about 5 kt ¥, and that gives an approximate uncertainty for point source geh3sions that includes all possible sources

of errors.N

As noted in Section 4.3h¢ interannual variability is rather large and therefore, the decline for individual areas is

often not significant. For this reason, we analysed 27 individual areas covering a vast region with very different niegéorolog

conditions, so the average oflimidual area estimates can be calculated with high confidence. Indeed, the ratios of changes in

urban and industrial components to their standard deviations are 8.5 and 5.9 respectively (assuming that deviations fo

individual areas are not correlatedg.j well outside the limits ahterannualvariability. The approach that is focused on

regionalstatistics rather than on individual areas is used for all other regions in this study.

445 The COVID-19lockdown impact: Europe

The describedechnique was applied to the European Union countries (plusneombers from former Yugoslaviahere

detailedinformation about the industrial emissions sources is avail@bhkanalysis waalsodone for3° by 4°areas around

36 largest European citiesith population greater than 1 millioplus somenational capitalsith population more tha

largest-sourees-and-thep-tbemin-the-fitting-algorithm Note, that to avoid doubleounting,if more than one city located
within anarea, we used that area just oreg.(Manchester and Birmingham are in one area).
The absolute and relative changes between-2018 and 2020df the three components are shown in Fig. Tt

NO; declineof the urban componemtas particularly large, more than 50%, for the countries in the most western part of the
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continent where the strictdsickdownmeasures were taken: France, Spain, andfiik 10 a) In contrast, the decline in the
German, Czech and some other East European cities was 68B220-ig. 10 b) For this reason, two stiegions were
formed for the analysis: Eurogde (Italy, France, Spain, Portugal, Belgiutreland, and UK) ad Europe2 with all other
countriesIn general, the mean background values and estimate@idiSsions rateger capitan Europe are similar to those
in the U.S. and Canada. However, relative changes are somewhat different.

In 20182019, the estimateghnualemissions per capita for both European regions were very similar to those for the

U.S. and Canaddn 2020, heurbancomponent declined in almost every analysed arka.average declisdor Europel

and Europe regionsvere-5254%+4% and-1413% +8% respectively This is in general agreement with total N€nission

reduction for these two European swgions:-50% for Europel countries (ltaly, Spain, France) afltb% to-25% for

Europe2 countries (Germany, Sweden) wiB5% of thetotal reduction attributable ton-road transpor{Guevara et al.,

2021) The decline in Europ#& was rather uniform with all but one area demonstrating a decline of mord @8anin contrast,

only two areas demonstrated40% decline in Europg, while most of the areas had a decline ur@égs.-Two areas in

Europe2 (Budapest and Belgrade) demonstohém increase in N They are located 320 km apart and it is possible that
relatively high NQ values there were cause by some specific meteorological conditions in spring ofh202QSA GEOS
Composition Forecasting (GEGSF) simulations show a positive N@nomaly over Hungary in Apriiay 2020.

As in the case ahe U.S. and Canada, theeanbackground component in Europe shows a smaller decline than the
urbancomponent. On average wias-5.9%+2% and-11.5+3% lower in 2020 than in 201:2019for Europel and Europe
regions respectivejybut it was pretty consistent atmostall individual areas demonstrated a declih@rge decline in
populationrelated emissions and relatively small decline in the backgroamponent for Eurapl and the opposite for
Europe2 may create an impression that here is anticorrelation between the background level and poplakaiibn
component, but it is ndtue The large decline in average background for Ew@pescaused § large negative background
values for the Scandinavian countrie2020that alschadlarge negativehanges in the urbammponents. As discussed later

in Section 465, there is no correlation betwetre changes ithe background levels antbancompaent.

The emissions from industrial sources also demonstrated a decline, although the scattering of the values is large a

the changes varigrom country to country and from sector to sectauevara et al(2021) estimated thahe emissiomecline

in the energy industry was up480% ltaly, but undet5% in Sweden. The emission decline from the manufacturing industry

was smaller, from aboutl5% in ltaly, Spain, France, UK %% in Germany and near zero in Swedémissions from

aviation were reduced by90% in all European countrié§Suevara et al., 2021We estimated changes in emissions only for

industrial sources that are located in the analysed areas around major cities and therefore do not represent thdraitire indus

emissions, bt our estimates also show a difference between Etkopad Europ€ regions: the average decline

values-34%t+10 and-13%t+16%, respectively.

The uncertainty estimates are also in general similar to those for the U.S. and @sedalom uncertaintg about

0.25% for the background component at¥b for the urban componenthenaturalinterannuabvariability estimates are also

similar for the background component (6.8% and 7.5% for Eufiop@d Europe respectively). Theaturalinterannual
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variability for the urban component for Eurcfig10%) is also the same as that for the Catta@a regionbut higher (15%)
for the Europe? regim (SupplementTables S1and S2.

For illustration purpose, folareasare examined in greater detaédlowin Fig. 11 The ManchesteBirminghamplot
map (Fig. 11 top row) illustrates a largarea othigh populatiordensityin Central Englanavith several power plants to the

East.Recall, that the urban compemt is essentially the population density convoluted with EMG functions and the two large

hotspots in therbancomponent correspondsitanchester and Liverpoateato the north and Birmingham area at the south.
TheOur TROPOMIdataanalysisshows a-40%t1.4%-declinein thepeopulation-densityelatedirbancomponenandabout-
2518%=5.6 decline from total emission frorthe power plantsThese numbers are close the repoitigdhe UK Office of

National Statisticgleclinein road traffic £35% and50% for April and May, respectively) amtustrial activity €20%) (Potts
et al., 2021)The estimated decline in the urban component is Mesedo-42% declinen the surface N@concentrations
reported by Lee et al., (2020h contrast, he background component shoalsost nochangein 2020 compared to 2018
2019 For this reasonht totaldeclinein TROPOMI NG VCD over Manchester-@7% accordindarré et al 2021, and

32% according téotts et al., 2021% smallerthan ourestimats for the urban componentone-

Paris is an example of a city that appears as a large, isatéi@asource.lhe change between the two periodthie
backgroundcomponents about-10%+0.5% while tFhe decline in th@eopulationrelated-signairban componehts about-
5557%+1.5%andcan-beclearly seen othe plot. i i i i Ehiz;

TROPOMINO, VCD data without separation of the two component and closer to the changessnriéDeconcentratins.

Estimateddeclinein TROPOMINO, VCDs overPariswasabout-30% (Bauwenset al., 2020Barréet al., 202), while the

estimatediecline in NQ concentrationsvas-40-50% (Keller et al., 2021Barréet al., 202). The terrain does not play a major

role in background componefur the Paris area-There is some northouth gradient in the background component with

highervalues at the nortbastern corner of the arfde only relatively largendustrialpoint source in the Paris areddbkarles

de Gaulle Airporthatvhichis evident on the 2018019 plot and practically disappeared on the 2020 flat. estimates show
about90% decline in NG emissionsrom 20182019 averagedrom about 61+2.2 kt y*to 0.50.2kt vy that is inline with

more than -95% decline in the passengertraffic _of Charles de Gaulle Airportin_ April_and May 2020

(https://www.parisaeroport.fr/en/group/finance/investlations/trafficaccessed on Nov. 10, 2021)

Milan was one of the first European cities whemmelockdown measuresere imposedin late Februaryand

reduction in NG was reported Qollivignareli et al., 2020) Complex terrain affects the NQlistribution creating large

differences betweeYiCD values over the mountairsandvalleysandalso makes it more difficult to fit the observations with

the plume functions based on assumption of strdigbtplumes resulting in relatively high residudiie urbancompenent

demonstratesimore- than 50%lecline-in-2020while-thel hebackground comonent shows practically no difference between
the tWO pe”ods 7;_55_;._-___-___;__5_=___5_se_;_ _-____se.g__-_;____.'_=____;_____=_-_;_g__-__,_=___5_e__:z.___e__e_-_;__Tss_-__:_s____.;_s__;., Sed On
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------------ lon-ofstraighineplumesresultinginrelativelhigh+residudihe ontribution from industrial point sourcdsr that

areais verysmall. The urban componediemonstratea -53%z+1.5%declinein 2020that is similar to otheFROPOMLIbased

estimates foMilan: -38%t10 (Bauwenset al., 2020)and about50% (Barréet al., 202), while the estimated decline in

surfaceNO, concentrationsvas onlyust slightly larger,-41% (Keller et al., 2021and about52% Barréet al., 2021)Such

smalldifference in the decline between VCDs and surface concentrations may toeachetatively small contribution of the
background component to the total VCDisijust about one third of the urban component over Milan

Thepletsmapsfor the PragueDresderarea illustrate howlanges in N@from industrial sources reflect differences
in COVID-19 lockdown policies in Germanyand Czech RepublicThe decline in theirbancomponentwas only about-
2016%+3%. In additionto Prague, that componeaiso includeities in East Germany (Dresden, Laiy), but thechanges
over these cities and Prague are sinalad close t620% Barréet al., 202). Otherwise the difference would appear in the
residualgFig. 110, columnc). The main industrial sources in the Prague area are coal minesahairning power plarstin
Czech Republiavest of Pragu@ear the Germahorder and in Germanyorth of Praguenear the Polish border. In Czech
Republic, the N@valuesof the industrialcomponent remain unchangeshile the values over German industriurces
declinedby a factor oR. Thisis likely theresult of different approaches to coal power industry in two countries. In the Czech
casepower plantsemained fullyfunctioningandcertain steps were taken to assure smooth operaitbprotecttie workers
employees of power plants stayed on their job for longer periods, to avoid the risk adirdiebbmg EC, 2020) In Germany

ureedifferent-approach-wdeken-Tthe power generation from cellirning plants
wasreduced by60% (from 13.4 TWh to 5.6 TWh per month) in Apklay 2020 compared to 20X 8ttps://www.energy

charts.info/charts/energy/chart.htm?l=en&c=DE&year=282€essed on Btch 1, 2021) while-preduction-from-renewable
energy-sourcesrasinereasedAs a result, we see a large difference in.N@nalsVCDs from the power plants in two

countries.

456 The global COVID -19lockdown impact

To evaluate the COVIEL9 lockdown impact worldwide hie analysis described earlier in Section 4 was perfoiforezic 1

263urbanareas around the world

for—20482010-While-dl-All_cities withpopulation greater than 1 million were considerethis-study Howevel someof
them particularlyin Africa,donotevenproduce significant Neemissions that can be measured by TROPOMI the three

month period selected for this studynother obstele is in Western Africayherebiomass burning made it difficult to estimate

ibackgr ouas they wareeverg different frogearto year.Biomass burning areas appears as large anomalies on the

maps of the residuatmaking the standard deviationstbe residuals much higher than at the other African cifies this
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reason, several areas with population over a million in Western Africa were not included in the dnatgse. of China,

there are too many cities with population over one millfe raised the limifor_Chinaandconsidered only cities with

population greater than 6 million to keep the number of analysed areas similar to other gegions.

The analysis algorithm requires coordinates of individual industrial sources in order to separate them from the urban
componentThe world power plant database (see section 2.3) was used to locate most of the powersgldatsOther
sources were ideified from hotspots on the NCOresidualmaps-Heowever—étalled-information—about-industrial-seurce

a on often-—no ble-in-manv—reaioNete-tha he residua map-can-be used for detecting-of missing in the

eas typicatlyi edysopesponditp emission sources that are not
included in theoriginal fitting. Coordinates of such sources are determined fromtagblution satellite imagery and added
to the point source list and then the fittiprocess is repeated total of 357 such additional sources were identified. Most of
them were cement and steel factories, and oil refineries. In addition, the world busiest airports were inéiudeddss st r i ¢
emission sourcesdowever,other sourcesin-particdlar e.q, ship tracksor major highwaysnay still be missing that may
affect estimates for some are8sme ofthese sourceareidentifiablein the residuatnapsandcould be addetb the statistical
model in the future.
123 (top). Fre—map-ot-mean background-compenentyaluestaiadisitesis—shewn-in-Fig—13-tepyhe analysed period

from mid-March to midJune is close to spring in the Northern Hemisphere and autumn in the Southern Hemisphere, i.e. the

The map ofmearithe backgroundand urbarcomponert valuesfor all 262261 sitesin 20182019is shown in Fig.

seasons with very similar values of lifetifleange et al.2021) Therefore, seasonal differences between the two hemispheres
should be minimal, anthaps of the main estimated components shaeldi represent their global distributiomhe highest
backgroundvalues are seen over East China and the northerofp@entral Europe, while the lowest are mostly over South

America and East Africdn general, it is similar to the global N@istribution(Krotkov et al., 2016)although the background

levelsare much lower than those seen overnN@tspoton the mean satellite N@nap -

3 (Bthem).

urban componerdemonstratethe highest values are evSiberian region oRussia They-andare likely related to additional

NOy emissions due to heatitigere since thelimatologicaltemperaturethere arein-arelatively-celd-periotklatively lowin
March-April_compared to other regioné&nother hotspot is Edmonton, but as mentioned, its high value is due to poor
separatiornf urbanemissions-from-emissions-from-tannd industrial sources theréinnual éemissions per capita are also
high over Middle Eastdiowever, in this region we found that the population demsitg in some areas inciad, for example,
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Riyach, may not be reliabland emissions per capita may be overestimdiee population density npatheredo not match

Google map satellite images and other proxies such as night lighTHet@equire furtherinvestigation.

The lowestannualemissions per capita are in South America, Africa, and Iddiough emissions per capita were

calculatedor each area independently and the population and industrial sourgegeatty from area to area, the per capita
values are uniform: for examplelmostall areas in India marked by green dots, most of European areas are orange, etc. This
further gives a confidence in the obtained estimates.

Note thattheurban NGif oot printsodo of cities with the same popu

highest values in Northern Eurasia and Australia, and the smallest in Africa and India. To illustrate these large differences

Fig. S2 showsthe examples of N©distribution near cities with population of abou65million with very large (Saint

Petersburg, Russia) and very small (Dar es Salflanzania per capita emissions. The total mass of;,[d€r capita related

to the urban component for Saint Petersburg viasdes larger than for Dar es Salaam.

Fig. 13 shows the maps qfercentchanges for individual areas for the background and urban compoReldtve

changes of the background component are typically with@®%iland much smaller than in the urban component.édtiee

the
Europe2 regiorof the regions with large gative changes in the backgrou onents Middle East As mentioned, the

population density data are not always accurate in that regionhenidackground component may not be perfectly separated

from the urban and industrial componemiscontrastthe urban component demonstrademuch larger declingarticularly

overEurioel and India. Notefhechanges in tharban and background components are fairly independénatalysis of all
26261 areas revealed thH

{the correlation coefficierttetweerthemis -0.0079).

lues

The estimates for individual areas were then grouped into 13 large regions withat@as in each: the U.S. and
Canada, Europé and-2, China,India, SouthEast Asia lsoincludes also Pakistan and Bangladesh), JajénTaiwan and
SouthKorea, Northern Eurasia (former USSR countries and Mongolia), Middle East, Africa, Australia and New Zealand,
Central America, and South America. The regions based on geographical location with similarities in economic
development and reactions to the COWVID pandemicwere also taken—into—acecounbnsidered Then, the average
characteristics of the backgrournnlban and industrial components were calculéde@ach regionRelative-contributioaof
he decline
ohannesburg (South Afriga
Nicesia(Cyprus)and Pyongyang (North Korea) meenot included in angarticularregionbecause their N&emissions were

very different from tlose formneighbouringcountriesand therefore may bias regional statistics

—The summaryresults forthereg|ons are shown in Figd4-while-the resultsforindividual-aremvithin-each-region

emefMthe regions in Fig.44 are sorted byelative
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declinein the urbancomponenifrom smallest to largestThe regional changes were calculated as the average of percent
changes for individual aredsr thatregionand-areas-with-compenents-below-sdimesheldlevels-were-excluded The

uncertainty values in Fig.4lare based on variatioof the values for individual areas within the region. The background

component has the smallest variability among the three components typically between 5% and 9%. The urban componer

variability is between 7% and 17% and the decline observed in the cob@onent for South America, Eurepend India

isoutsidedd | i mits even for individual areas in these region:

large industrial sources in the urban areas from urban emissions themselig&sormsfrom such industrial sources are

typically similar or smaller than urban emissions and the variability of the industrial componer3Q¥P4s similar or larger

than that for the urban component.

not significant decline in the urban componewnér the analysed period d®main COVID-19 lockdown in China occurred

earlier (in February)Most ofthe regions demonstratsthtistically significantirban emissions declingithin the range 18

to: =-28% Thedecline was the largesB6 toé— -52%, in three regionEuropel, South Amdaca and India.The map of the

urban emission changes (Fi8.bottom) shows that the first two regions indeed contain countries with large decline of urban

emissions. In case of India, a simithcline can be seen in neighbouring PakistarBamdjladesh. In Africa, a decline is seen

at the south and the north of the continent, while countries in West Africa mostly show no decline and even some increase

probably due to a contribution from forest fires

As mentionedn section 4.3the industrial NQcomponentaries from area to area and from one type of Bliirce

to another although herearesome clearegionaldifferencesChinese citieslemonstrateé smallchanges in bothrbanand
industrialcomponent$-2.8% and +5% respectivelwith oneexception. Emissions from Wuhan, the city where the pandemic

begun declined bymore than60%. Industrial emissiontherealso declined, but only ;y80%. The background component
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shows no changtere A very strict Wuhan lockdown ended on Apri] 802Q but during that lockdown, N£emissions in
Wuhan declined82% relative to the 2019 lev@Ehahremanloo et al., 2021hat strict lockdown periothsted for lesshan
one third of the analysed period, lapparentlyjt took some time for N@emissions to return to the pleckdown levels.

It is moredifficult to interpretchanges in industrial source emissibesausé¢heyarechanging ovetime for various

reasonsghat mg require @ investigaion onacaseby-casebasis For example, a large uncertainties in itheustrial emission

changedor Central American Fig. 14 are caused bgoubling ofemissions from power plantear Havanalhis increase is

likely caused byemissions fromthreepowerships(powea plants onships) with total capacity of 18MW, that startedheir

operationin Port de Mariehear Havanin the second half of 201(bittps://karpowership.com/en/projemiiba accessedlov.

4, 202). TheFhelargestregionalindustrialemissions declineas observed ové&uropel and Indiai.e., wherdargest urban
emissions decline was observed. It is likely the severe restrictions during the €@\ftbkdown period there affected the
industrial activity.However, on a larger scaldhis link is not that obvious. Althoughé lbockdownhadimpacton industrial
sources, the correlation coefficient between chamgesban and industrial emissiomsnong all analysedreasis -enly
0:18.01.

As mentioned, statistical errors related to the fitting procedure are relatively small due to a very large number of

satellite pixels used in the fit. For the urban component, they are between 1% and 10% for the cities analysed in this study

However, theyearto-year variability could be high. Table 2 summarizes the uncertainty for the 13 regions analysed in this

study. It is similar to Tablé; however individual rows contain the averages of uncertainty estimates for all individual areas in

the region. Tk uncertainties for the background component are beth8emd9%. The urban componeiemonstrates the

interannual variability between 9% and 22@th the largest value over the Middle East were, as mentioned, there could be a

problem withthe population density datajuality. It is far more difficult to interpret the estimated interannual variabibty f

the industrial sources because it dependsoitiple factorsfrom the meteorological conditions to the emission stremsggif.

The main conclusion here is that it is typically0—% to -20% for emissionsfrom large (about 5 kt¥ or more) sources

estimatél based on 3 months of data.

To demonstrate that the observedJd¢@angesn urban emissionare indeed linked to the restricting measures taken

by different countriestheestimatedpbercentNO, changesn annualemissions per capitaere compared tthe GoogleEach

Community Mobility Report datéay 021)
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The mobility datarepresent the changes in the number of people at locations of variowntypan beised as a proxy for

theurbantraffic. Thechanges ithe background and urban componentse calculated for every countsereandcompared

to changes irmobility data.
i #Dnlyecountries with

two or more cities were used in the comparidtote that the mobility data were averages of all regions for the entire gountr
while the NQ changes were estimated for areas around large cities Mplyility data for China, Korea and some other
countrieswerenot available.

The scatter plot of the mobility and the N®CD changeqFig. 156) demonstrates a very different ridgship
betweertheurban and background componei@ianges in mobility and urban components are corre(&igd156 left). As
expected, the relative changes in the urban component are smaller than the mobility changes as the urban component incluc
more than just mobilityrelated traffic.The highest correlation is observethenchanges in th&lO, urbancomponentare
compared withmo b i | i retgil afdorecreafian covering visits to restaurants, cafes, shopping centers, theme parks,
museums, libraries, movikeatresand similar locations'he correlation coefficierietweerthe percent changes in per capita
emissions and etail and recreatian mo ksi0B6i62 (the probability that there is no correlation is less th@g@i0003.
There is no statistically significant correlatiihe correlation coefficient i€.083) between the background M@nd mobility
data(Fig. 156 right). i i
dotoalihovchnelroioh nofor thonrban comoonan

For individual areagshe uncertainties due to titerannualvariability rather large, sthe observe@020declineof

he-mobility

the urban component imany areasis within that uncertainty.Regional averages amore accurate and declines in urban

emissionsare statistically significant for all regions excegthina. Finally, mean 2020 declinesf all areas (except China)

are-6.0%+1.2%and-26.7%+2.6%for the background and urban components respectikatycorresponds tb0-t and20-0

levels (SupplementFig. S3) In 2018, 2019, an@021, suchglobal averagesareremarkable stableasall meanvalues are

within +2.5%, andwithin +5% if the means are taken withe two-sigma uncertainties. Thisuggests that there are no

substantiadrifts or shifts on the global scale in TROPOM daa he 2020 data is clearly autlier.
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5 Discussionand conclusion

Statistical regression analysis was used to separate contribution from industrial, sobeseseas and lackgroundevelsto
the satellite observed tropospheric N@olumns YCDs) and to study the impact of the COVH29 lockdown on each
componenseparately. The analysis was ddoe262261 majorurban areas around the wogdbuped into 13 large regions

The algorithmalso estimatesrban and industrisd emissions assuming a constant Nif&time (or, more accurately, decay

time). A constant value of 3.3 hours was usethadifetime

To verify the obtained emissions @séites, we compad ourresultwith the estimates fromsimilar study byl ange

et al., (2021)In that study TROPOMI NQ data were used to estimate emissions from 45 sources worldwidbearttie

resultswerecomparedvith the available emissions inventories and some other satskied emission estimatdhere were

33 sources common to both works. In order to compare them we first calculated our total emmiesiche-two-studiesfor

themi.e.,the sum of urbaand industrial emissions, and then converted them to the same lifetimes as in Lang201xl.,

and then multiplied them by 1.4 to calculate Nission. As expecteduremission estimagavere higher than from Lange

et al.,(2021) because there is typically more than one emission source in the arBlysedl areas of this study. Nevertheless,

thereis 0.78 correlation coefficient between the two estimates.

Unlike other similar studies thaimply removed the background offset (e{@eirle et al.,(2011); Lange et al.,

(2021), this study included the background component in the ana@ysis. scale of several hundred km (as we analg2ed

by 4° areas), n&t of the NQ mass igypically related to the background component. Even in the areas such as New York

City, the background component accafot 2/3 of the total mas3his explains why thestimated impaaif the COVID-19
lockdownin urban areas depesdn the size of the analysed area: fthggerlargerthesizeareathe more background NGt
includes andtherefore the smalleiisthe NO; difference between the COVHDO lockdown and reference periods.

In most of the analysed areafianges in the background components between the CQ¥Ibckdown period
analysed here (from March 16 to June 2620 weretypically within 10%from the 2018019 levelsin contrast, theirban

componentbasedon population densitydemonstrated substantial and rather uniform decline of ab&8% é—to -28% in
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most of the regionsrhreeTwo regions (most western part of Europed India-and-Seuth-Ameed) demonstrated a larger
decline, about40% to- -50%. China showeda much smalledecline (4.43%+98%) becausehe lockdown there occurred
prior to the analysed periods for industrial point sources, emissions from them dri@m region to region and from sector
to sectorOn-average lthey demonstrated@eclineof aboutr-abeut-20%or lessdeclinexceptor India andEuropel regions.

Abrupt changesindin urban and industrial emissions due to COMI® lockdowndid not immediately result in a

similar decline in the background componéritis may explain why large chargjea NO, emissions in urban areas produced
a relatively small, about 9% decline in globeD- (Bray et al., 2021)The importance of background N@CD was previously
noted byQu et al.(2021) andSilvern et al.(2019)when theyfoundthat the observeshtellitetropospheric N@QVCD satellite

trends in remote areas do not match the expected chdimgesiginsof background N@arestill largelyrelated taurban and

industrial sourcess it is clearly higher ithe nothern hemisphergarticularly over China, Central Europe and Eastern U.S.,
than in the southern hemisphere and trogitmavever, the analysetireemonthperiod may simplynot be retlong enough

for the lockdownto cause large changes in the backgroumdiseThere are also othéNOyx sourcessuch as soil emissions
(Hudman et al., 2012; Sha et al., 20Z0Hey as well asaircesaloft, such as lightningand to a lesser extent, aircraft NO
directly contribue to the background componentt i$ estimated that lightning responsible foroughly 16% of global

production and most dhis NOxy is foundin the free tropospher@ucsela et al., 2019}-urthermore Zhang et al.(2012)

estimated that sourcesich adightning, soils, and wildfireshat account for about 209§ emissionsannually and up to 39%

in summer Satellite measurements are atsore sensitive to NOin the free troposphere than in the boundary layeraand
relatively small amounts of N@here produce a larger signal in satellite data. Another possible explanation is thati@klow
concentration in the boundary layand free trpospheremay have longer lifetimes than in the plumes. The fact that NO
fluctuations remain persistent over longer time in clean conditions than over paltatesVinnikov et al., 2017)ndirectly
confirms that.

Barré et al.,(2021), noticeda differert lockdownrelateddecline betweenNO, VCDs and surfaceoncentrations

(-23% and-43% over Europe respectivelWloreover, Qu et al(2021) reportedthatVCDs and surface concentratishada
similar declinebetween2019and2020at only 5% of the most pollutes siteat the othersites TROPOMINO, VCDs data

demonstraté, on averagea smaller decline than surface concentratianBifferent changes in background and urban

components in TROPOMI NCxould explainthis inconsistency betweethe suface andsatellite VCD-basedresults The

urbancomponent is directly linked to city plumes and therefore is a better proxy for surface concentraimhged areas

while the background component includes contribution fobiner sourcethatwerenot affected by the lockdown.

The urban and industrisdomponentsarebased orplumedispersionfunctionsandthatcorrespond to N@©near the
ground, prebablyalmost alwaydn the boundary layefThe urban component is based the populationdensity and the
assumption thahnnualemissiors per capita areniform everywherein the analyse®® by 4° area.There are very large

differencesup to factor of 40in estimated emissions per cagitabaeeramongthedifferentareas The estimates werdone

for 3-month peiods. For suchishort time interval, most dffie cities with population more than 1 million productaistically

significant signalthatcanbereadly detected in TROPOMI Ng&data.As estimated emissions per capita are rather uniform,
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they can be uskto account for urban component outside large cities. Thus, it should be possible to estimate background,
urban, and industrial components on the global scale and analyse the residuals in search of other factors contributing to tf
NO, budget.

The approactdescribedn this study can be used estimate emissions froaities and industrial point source=or
the latter, only sourceoordinates are required comparison of reported aicROPOMderivedfrom-TROPOMI-datdNO,.
emissions for the U.S. demonstrated a good correléii@ibetween themAs sourcecoordinatesan be also detected from
satellite data alon@Beirle et al., 2019; Ding et al., 2020; McLinden et al., 20it@)ay be possible to develop emlependent
fi t -d p wiNO, emissioninventory from satellite measuremetiscomplement anémissiendgmproveavailablefi b o t-t o m
u p iaventories as it was done for 8Qiu et al., 2018) This could be important for regions, where no other emission

information is availake.
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Appendix

This appendix contairsdditional details of the uséditting algorithmthat is largely baseon the algorithm fomultiple point
sourceemission estimatggioletov et al., 207). TROPOMI NO, VCD can be expressed as a sursadtributionsUL Yfrom

all individualindustrialsourcesi{, a population densityelated terni}, ¢ ,, anelevationrelated backgroundnd noise {):
TROPOMI NQ(d, () = U +Uqp(d, G)+ EUq;(d, G)+ ( o+ bu(di do) (- fio))-exp(H(d, G)/Ho) ¢, G)U (A1)

All g function are normalizefl.e., their total integral equals t9 filume functionsthe value of that function for a particular
pixel with latituded and longituddl, is proportional to the value of the plumarameterizatiofrom the source located at
the latituded; and longitude ) (all in radian) The parameterization assumes that the plume is moving downwind along a
straight line has a Gaussian shape spread across thatdidescribe the plume, we can rotasgellite pixels for a particular
dayaround the sour¢ceo the plumevould always be maing from north to soutrapply the plume parameterizatiand then
rotate the pixels backlf (x;, yi) and &kiNjilNj ar e t he pdoordinhtés skm)drathetsystern with the origin at the
source before and after the rotatiosaspectively, then they can be calculated from the pixel and source latitudes and longitudes
as:

xi=r-(G-G;)-cos@);

yi=r-(d-d);

XiNjX - cosf¥ ) yi+sinty) ;

yiNj-x - sin(¥ ) yi +cosfy ) ;

wherer=111. 3 k(283071 "k rfok latifudelaBddorgitudein degrees)y i s t he pi xel wind
n o r tih h garetthe sourcelongitude and latitude (all in radiarote that there was a typo tinis original formula forr
in Fioletov et al., (2017).
Following Fioletov et al., (2017)he contributiorl. ¥ ~ —H%k h —@4 from the sourcécan be expressed as
UL Y= U-f(xi;NjiNp(y N8, where:

i —P e & n

. VIG" G
Qi Q== —— o tQl "T—— aNn
N G c,,
. PRGN 1
L
- Ain (A2)

It is assumed that N@mitted from a poihsource decline exponentially (i.e., esg-at)) with time ¢) with a constant

filifeti medatfehloldheec asyecond parameter is the plume width (
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parametek] represents the total observed number of N®lecules (or the NOmass) near the sourcdf TROPOMI NQis
in DU, and aisinh269108 moeanr 0.021T@®@.). Furthermorethe emission strengtk) can be calculate

asE =  &bsubhing a simple mass balance.

2]

Note that 5

Qu tdi QeRe ® | % Rdn et di Q6 % Qd @ p, therefore the

As mentioned in sectioB, some of the sourcesed in the analysis are not point sourcechustersin that caseq
=B 0 —Hh h —@hk , whereq; is the plume function for sourgandw; is the weighting coefficient established by the
factoranalysis.

Similarly, U, q, represent the contribution from the population densityted component, wherg, is the plume
function from an aredistributed sourceyis a weighted sum of plume functions from a grid withweghtingcoefficients
proportionalto the populatiorof at the gril pointsq, =B ”  —H6h h —Ofo , where—F%o are the grid points
coordinates antl is the population associated with that grid points. Thiiss the coefficient that represent the total NO
mass the corresponds to one person. In our calculations weusgd°3area with &@.2° by 0.2° gridvith 336 (16 x 21) grid
cell.

Finally, the elevatiorelated background term ¥ fo—=2— 1 o Q& R"OFO hwhered, and
(o are thecoordinates of the centre of the analyzed areaGisdhe elevationn km andHo=1 km, is determined by three
parameters.

Equation A1) represents a linear regression model where the unkpavameters), U can be estimated from the
measured variablefROPOMI NQ) at many pixels and known regressdre fitting was done three times using all data for
the analysed period (March 168June 15) in 2018, 2019, and 2020.
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Table 1.The stadard deviations of the random errors am&rannual variabilitfor background, urban and industrial

componentsor the U.S. and Canadia percent.The random errors agalculated as the averages of estiméiesmdividual

years. The interannusgériability estimates arthe standrddeviations calculated from three years (2018, 2019, and 2021)

Interannual variability of the industrial componéntalculated for regions witlstimated totaémissions greater thdnkt

5 yrt

Random Error (%) Interannual Variability (%)
Area Backgraind  Urban Industrial Background Urban Industrial

Atlanta 0.20 1.04 1.47 5.9 9.7 11.3
Boston 0.29 0.93 5.68 4.0 10.8 39.3
Calgary 0.27 1.62 2.40 7.5 3.5 23.8
Charlotte 0.25 1.80 2.64 5.1 7.0 19.2
Chicago 0.27 0.73 1.74 175 9.3 11.6
Dallas 0.20 0.82 2.34 5.8 9.2 6.2
Denver 0.27 0.89 2.29 4.0 7.8 17.5
Detroit 0.27 0.99 2.17 13.3 5.5 16.8
Edmonton 0.34 0.80 1.91 11.0 15.6 8.1
Houston 0.22 0.78 1.25 6.7 13.0 10.5
Las Vegas 0.12 0.48 7.6 16.7

Los Angeles 0.22 0.22 1.4 9.2

Miami 0.15 0.88 2.66 1.9 5.8 40.7
Minneapolis 0.20 1.42 3.28 151 10.1 29.5
Montreal 0.29 1.21 3.24 11.8 7.3 19.7
New York 0.36 0.41 5.17 8.2 5.8 8.0
Orlando 0.17 1.17 2.16 4.0 10.6 16.5
Phoenix 0.17 0.75 2.84 4.9 17.0 23.5
Pittsburgh 0.33 1.62 2.20 6.5 6.3 7.0
Portland 0.29 0.87 4.32 5.8 21.2 23.2
San Antonio 0.18 1.50 1.20 8.1 5.9 42.0
San Francisco 0.17 0.64 4.64 1.1 12.8 20.9
Seattle 0.31 1.14 2.71 9.0 11.0 18.9
St. Louis 0.20 1.48 1.87 16.3 45 7.8
Toronto 0.29 0.78 1.97 10.8 12.9 13.7
Vancouver 0.49 0.74 5.74 2.1 9.6 14.7
Washington 0.24 1.03 2.76 6.8 13.2 8.0
Average 0.25 0.99 2.82 7.5 10.0 18.3
Standardieviation 0.03 0.08 0.39 1.3 4.4 4.3
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Table 2. The standard deviations of the random errors and interamadability for background, urban and industrial
components fol3 regiondn percentTherandom errors anihterannual variability are calculated from three years (2018,
2019, and 2021fpr each area and then averaged for all areas in the régieramual variability of the industrial

5 component is calculated for regions with estimated total emissions greater thart.1 kt yr

Random Error (%) Interannual Variability (%)
Area Background Urban Industrial Background Urban Industrial
Africa 0.21 1.56 2.42 7.3 19.8 21.3
Australia and New Zealand 0.34 0.80 1.22 8.6 9.2 12.2
Canada and US 0.25 0.99 2.82 7.5 10.0 18.3
Central America 0.21 0.95 1.72 54 11.0 20.3
China 0.30 1.06 1.90 7.3 19.6 16.4
Europel 0.23 0.96 4.06 5.6 12.3 27.6
Europe2 0.25 1.30 3.13 6.8 15.4 17.1
India 0.23 1.78 0.77 9.0 16.6 12.4
Japan Korea, Taiwan 0.31 0.86 1.29 4.9 12.9 13.2
Middle East 0.29 1.43 0.86 7.5 22.2 19.9
Northern Eurasia 0.29 1.42 2.78 8.8 13.5 254
South America 0.39 2.97 6.72 7.8 18.6 23.6
SouthEast Asia 0.29 1.03 1.68 8.0 14.1 16.1
Average 0.28 1.32 241 7.3 15.0 18.8
Standard deviation 0.05 0.58 1.61 1.3 4.1 4.9
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Figure 1. MeanTROPOMI NO; VCDs over the US and southern CanddaMarch 16 June 15;n (top) 2018-2019 and
5 (bottom)202Q The main features of the N@istribution such aslevated N@values over large cities, industrial sourees|
in thevalleyssuchthe California Central Valley (:andlower values over the mountaiasch a#Appalachian2) are evident
from the plot.AlseNote, thatNO, VCDs are not negligibléabout5-10'“cn?) evenover remetevastremote areasuch as
NationalForests inMiontana 8) or Algongquin Provincial Parkn Ontario(4) as well as over the oceameassuggesting-some
background-levelsThe maps are based on Level 2 data gridded dhibd.D.1°grid grouped by the wind speed: (lefess
10 than 10 km per houand (right) more than 10 km per hour.
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Mobility changes (%)
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Figure 2. Changes iweeklyGoogle mobilitydatd f or fir et ai | a n cblativestacthedastlineped@anc3a t e g «
1 _Feb 6, 202pfor twelve regions analysed in this study. The black verticas liegesent théveginning and the end of the
periodanalyzed in this studfMarch 16i June 15)
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Residuals
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Figure 32. (a) MeanTROPOMI NG for March 16 June 15, 208-2019 overthe Montrealarea (b) the fitting results ancc}

the residuals (i.e., thdifference betweenaj and p)). Tropospheric NQV CD s

have a

| ar g dhatfisb a ¢ k ¢

reflected by ¢) the elevatiorrelated component(e) The population densityelated and(f) industrial sourceselated

componentsPanel b) is the sum opanels d), (€) and ). Emissionpoint sourceare shown by the black datsd the airport
by theslightly larger gray datThe industrial sourceselatedcomponentis comprised othree clustersone (g) with two

sources antvo (h, i) with onesource eachlhe data are smoothed by the oversampling technique with the averadjing

R=10 km.

el £)

—Proxies used by the statistical model (Eq({})Elevation mamwn the

colour scale that is similar tbat forthe elevatiorrelated( i b a c k g r o u n d(k) poputatiomgensityenagl) ;Mean
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TROPOMI valuegpanela) vs. the fitting result¢panelb). Each dotepresentthe mean value for a cell on @@ 0.2 grid for

2018 or 2019. The number of data points {Ngcorrelation coefficienfR) and the slopare also shown.
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Figure 4. Mean TROPOMI NQ@for March 16i June 15overa flat area arounMinneapolis andnountain area around

Seattleas indicated. The columns represenéan TROPOMI N@values, (columm, d), the fitting resultslf, €), and the

elevationrelatedbackground componeil, f). Elevation map on the colour scale that is similar to the background

component (gi) and the population density maps (h,j) The fAhot spotso on corfegpondlmpul ati o

Minneapolis (h) and Seattle (j).
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Figure 35. The map of locations of the analysed 27 most populated urban c{tesljthe US andblue) Canada (22 and 5
5 areas respectively). The analysis was don&%dfatitude) by4°(longitude) areas around the sites. The mean \Niesfor
eight areagor the period from March 16 to June 520182019 and 202@realsoshown
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Figure 46. Mean TROPOMI NQ@ for March 16 June 15over thefour aress as indicated. The columns represenéan
TROPOMINO; VCD values,(columna), the fittingresults b), the residualsdj andaswell as individual components of the
fitting: the elevatiorrelated ), the population densitselated €), and the industrial sourceslated f). VCDs estimated from
reported emissions aredolumn(g) and thelifference betweeoolumnsf andgis in columnih. 1- Hartsfield Jackson Atlanta

International Airport2- oil refineries near Houston.
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component related
to population
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Figure 67. The contribution of the three components to tibial NO, massin the Montreal areéor March 161 June 15

(average for 201:2019) The total massan be represented as a sunthofecomponentshown in Figure.
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Emissions (kgl/year per capita) NO2VCD in DU x 0.1
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1.2 [W 2018-2019 O 2020] 40

104 20 4

08 4 0 ™ il | l. | .lll'. I
: T T

06 8 2 £
&

04 - 40

00 -80

%“%@‘W\‘%@&Q Wi‘fvs ¥ S g%“& g

Urban Annual Emission Rates per Capita 2020 vs.2018-2019 (%)

[ 2018-2019 [ 2020] 40

. 204

Percent
\
8
——
[ 1

6-
4

-40
21 60
0 -80 =

\’pe% &2 0\ %"\*‘ &ooe\\o & o 'o oﬁ \+(\ ooe\%@ &
Rt & Qh \s 6"‘ Yy Ol ¢ \)\\S\
%%\@%« Spc Sy TR @% ERs”
Industrial Annual Emission Rates 2020 vs.2018-2019 (%)
50 [ 2018-2019 [ 2020] 40
40 -] 2
0
30 4 b
Q
O 20+
D
20+ o
-40
N I | I I | N
0y ....l...l. -80 T T T T T T T T T T
P S O F LSS LS PP O £ 8 F LS SRS 5‘
S AP %O O 2P F S & ) 5€ S A A% 0 0 20
yﬁ%{&g\\dadh(@q@b@p‘;@e@ §@)@§va":&<§\<@ @@d&‘g\\@e”oé\ o &@‘\}gﬁ T 38, \?«,\é\ \’G,id(g\\o
& o F & < Q%,zy

60




Mean NO2 VCD (DU) 2020 vs.2018-2019 (%)
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Estimated vs. reported industrial
source emission rates in 2018
2019 in kt/year
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tensThe correlation coefficient between the

two data sets is 849 andthe slope is 0.740.15 The standard deviation of the residuals is about 5'kfThe plotalso shows

the predicted regression line (bluBh% confidence intervals for the regression mghe shaded areaand 95% prediction

intervals (dashed lines).
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Emissions (kg/year per capita) NO2VCDinDUx 0.1
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NO2VCDin DU x 0.1
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Figure 10b. The same aBig. 8, but forEurope2 subregion(other EUcountries and neamembers from former Yugoslavia)
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Figure 11. Similarto Figure4-6 columns af, for areas arountbur European citiesManchester, Paris, Milan, and Prague.

1- Charles de Gaulle Airpar®- power plants in Germany; power plants in CzecRepublic.
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Figure 123. (top) The map of thbackgrounc&component N@in 20182019for the period March 16 June 1%estimated from
TROPOMI. (bottom)The map obmissionsannualper capitairban NQ emissiongor the same period’he analysis was done
using estimates fdargecities with population greater thafties-{(>1millien}6 million in China and 1 million for the rest of
the world.
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Figure 13. The map of NQpercent changes between 22819 and 202@or the periodMarch 16i June 1%estimated from

5 TROPOMI data for (top) background component @rattom) urban annual emissions per capita. The analysis was done using

estimates for cities with population greater ti®amillion in China andjreaer thanl million for the rest of the world.
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