10

15

20

Validation of TROPOMI and WRF-Chem NO; across seasons using
SWING+ and surface observations over Bucharest

Antoine Pasternak!, Jean-Francois Miiller!, Catalina Poraicu', Alexis Merlaud', Frederik Tack', and
Trissevgeni Stavrakou!

! Atmospheric Composition Department, Royal Belgian Institute for Space Aeronomy (BIRA-IASB), Avenue Circulaire 3,
1180 Brussels, Belgium

Correspondence: Antoine Pasternak (antoine.pasternak @aeronomie.be)

Abstract. Nitrogen oxides (NOy) are key pollutants involved in ozone and particulate matter formation, with strong spa-
tial variability near urban sources. Accurate monitoring of tropospheric nitrogen dioxide (NO3) is essential for air quality
management and relies on validated chemistry transport models and multi-scale observations. This study evaluates the WRF-
Chem model v4.5.1, run at 1 km resolution over Bucharest, Romania, using in situ meteorological data and surface chemical
measurements, as well as airborne NOs columns from 17 SWING+ flights conducted between 2021 and 2022. The model
successfully captures key atmospheric processes and NOy variability across all but one observation period. Our results indi-
cate that anthropogenic NOy emissions from CAMS-REG v7.0 are underestimated. Satisfactory agreement with observations
is achieved when the emissions are scaled by a factor of 1.5. We also assess TROPOMI tropospheric NOs columns v2.4.0
using SWING+ as reference, with WRF-Chem used as an intercomparison platform to account for differences in sampling and
vertical sensitivity. TROPOMI biases range from +20% at low concentrations (10'® molec. cm~?2) to —13% at higher levels
(15 x 10'® molec. cm~2). Seasonal diagnostics indicate variability in the bias for low columns, showing a marked positive
bias in fall and negative biases in other seasons, whereas the negative bias at higher columns remains stable. Additionally,
we provide a detailed treatment of uncertainty estimates and contextualize our findings through a review of recent TROPOMI

tropospheric NO; validation studies.

1 Introduction

Nitrogen oxides (NOy = NO 4 NO3) are important trace gases and pollutants in the troposphere. In industrialized areas, they
are primarily emitted as NO from fuel combustion associated with anthropogenic activities such as road transport, household
heating, power generation, and industry. They also originate from biogenic sources, including bacterial activity in soils and
lightning. NO is rapidly converted into NOg through photochemical reactions which also contribute to the formation of sec-
ondary pollutants including tropospheric ozone (Sillman et al., 1990), nitric acid and nitrate aerosols (Chan et al., 2010). NOy
and secondary pollutants all pose threats to human health and the environment (World Health Organization, 2021; European
Environment Agency, 2022). They impair respiratory function, particulate matter contributes to cardiovascular diseases, Og

damages crops and vegetation, and HNOg3 enhances the eutrophication of water bodies, thereby collectively degrading air and
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water quality. Moreover, NO, are reactive species that can exert positive and negative influences on the concentrations of
greenhouse gases such as Oz and CHy (Seinfeld and Pandis, 2016), and should therefore be incorporated into climate change
assessments.

Global coverage of the daily spatial distribution of NOg is thus a crucial component of atmospheric monitoring. It enables
the identification of pollution sources, supports the analysis of spatial and temporal trends, and allows to derive top-down
emissions (see, e.g., van der A et al., 2024; Lin et al., 2024). The current state-of-the-art instrument for this purpose is the
TROPOspheric Monitoring Instrument (TROPOMI; Veefkind et al. (2012)), a spectrometer-imager onboard the European
Space Agency (ESA) polar-orbiting Sentinel-5 Precursor (S-5P) satellite, launched in 2017. TROPOMI follows a series of
earlier satellite-borne instruments like the Global Ozone Monitoring Experiment (GOME; Burrows et al. (1999)) launched
in 1995, the SCanning Imaging Absorption spectroMeter for Atmospheric CHartographY (SCIAMACHY; Bovensmann et al.
(1999)) launched in 2002, and the Ozone Monitoring Instrument (OMI; Levelt et al. (2006); Boersma et al. (2007)) launched
in 2004. Across this sequence of instruments, spatial resolution has progressively improved from 40 x 320 km? (GOME), to
30 x 60 km? (SCIAMACHY), 13 x 24 km? (OMI), 3.5 x 7 km? for TROPOMI at its initial resolution, and 3.5 x 5.5 km? since
August 2019.

Despite their high relevance, TROPOMI products are subject to limitations and uncertainties arising from the influence of
clouds, aerosols, and surface reflection properties on the light path, as well as from uncertainties in the characterization of
the a priori vertical profiles of relevant chemical species. Consequently, TROPOMI measurements must be validated against
independent observations, preferably with higher spatial and temporal resolution. For instance, the latest Quarterly Validation
Report of the S-5P Operational Data Products (Lambert et al., 2025) presents direct comparisons with remote sensing MAX-
DOAS instruments globally, showing a positive bias over clean areas (9.5% for columns below 2 x 10*® molec. cm~2) and
a negative bias over highly polluted areas (—38% for columns above 15 x 10'® molec. cm~2). The overall median bias is
—29.4%, but it can be reduced by about 20% by smoothing the MAX-DOAS vertical profiles using TROPOMI averaging
kernels.

The Small Whiskbroom Imager for atmospheric compositioN monitorinG (SWING) is another type of remote sensing
instrument developed at BIRA-IASB to measure tropospheric NOs from an aircraft and map its distribution over urban areas
with high spatial resolution (Merlaud et al., 2018). An upgraded version, SWING+, was developed and deployed during an
airborne measurement campaign over Bucharest, the capital city of Romania, comprising 17 flights conducted in 2021 and
2022. Bucharest concentrates significant anthropogenic activity and represents a relatively understudied environment compared
to other polluted cities in Europe. In situ measurements within the city consistently exceeded the World Health Organization
guideline annual mean limit of 10 ug m~2 for NOy (World Health Organization, 2021), by up to a factor of 2 in urban areas
and up to a factor of 4 near traffic sites in 2021 and 2022 (Ilie et al., 2023). At the same time, Bucharest is surrounded by
predominantly rural areas, resulting in sharp spatial gradients in NOs concentrations due to its short atmospheric lifetime (a
few hours in urban settings; Laughner and Cohen (2019)). SWING+ measurements are acquired at a high spatial resolution
of 0.35 x 0.35 km?, making them ideal datasets to resolve the plumes emanating from the city and to evaluate TROPOMI

products over the Bucharest area. Moreover, the 17 flights span different seasons, allowing for the analysis of seasonal effects,
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with higher concentrations expected during colder months and lower concentrations during warmer months (Boersma et al.,
2009). A caveat is that SWING+ and TROPOMI acquire measurements with differing vertical sensitivities and at different
acquisition times, potentially introducing representation errors in their direct comparison.

In parallel with the measurements, chemical transport models (CTM) provide complementary information on tropospheric
chemical levels. They generate three-dimensional chemical concentration fields at selected time steps based on state-of-the-
art theoretical knowledge of atmospheric physics and chemistry, thereby filling the spatial or temporal gaps of observational
datasets. In this study, the regional Weather Research and Forecasting model coupled with Chemistry version 4.5.1 (WRF-
Chem, Grell et al., 2005; Skamarock et al., 2019) is employed to simulate the atmospheric composition around Bucharest with
two nested domains. We use resolutions of 1 x 1 km? over a domain of 100 x 100 km? centered on Bucharest, and 5 x 5 km?2

over a domain of 400 x 600 km?

extending mostly over Romania and Bulgaria. We assess the model predictions through
comparisons with in situ meteorological and chemical concentration measurements, as well as with airborne tropospheric
column measurements of NOy from SWING+. Our simulations use the CAMS-REG version 7.0 anthropogenic emission
dataset (Kuenen et al., 2022), with an adjustment to NO, emissions over the city of Bucharest to improve consistency with
observations.

Additionally, using a CTM such as WRF-Chem enables a quantitative comparison between SWING+ and TROPOMI prod-
ucts by bridging temporal lags and accounting for the vertical sensitivities of both instruments, using their averaging kernels.
This method was applied by Zhu et al. (2016, 2020) for HCHO over the Southern United States and California, and by Po-
raicu et al. (2023) for NOs over the Antwerp region in Belgium. We revisit this intercomparison method in the present study
by exploiting the large number of flight measurement days and explicitly propagating measurement errors. Unlike in a direct
comparison, the intercomparison may also be affected by model errors. Therefore, we use the assessment of the model against
surface meteorological and chemical measurements, as well as airborne SWING+ observations, as a consistency check of
model performance and to identify poorly performing simulation days before proceeding to TROPOMI validation.

The paper is organized as follows. In Sect. 2, we present the methodology. We begin by briefly describing the WRF-Chem
model, including its parameterizations and the selected datasets for boundary and initial conditions, as well as anthropogenic
emissions. We then review the measurement datasets used in this study: in situ data for meteorological variables and surface
chemical concentrations, and airborne and satellite-borne NOy tropospheric columns. For the latter two, we detail how WREF-
Chem outputs are combined with the instruments averaging kernels to account for their vertical sensitivity. We also describe the
different steps of our intercomparison method. In Sect. 3, we present the results of our analysis. WRF-Chem surface outputs are
first evaluated against in situ measurements, with the analysis performed both by combining all available data and by season.
Next, the modeled NOg tropospheric columns are evaluated against SWING+ measurements on a day-by-day basis and by
season. TROPOMI columns are then validated against the airborne SWING+ data, using WRF-Chem as an intercomparison
platform, with comparisons made both by assembling the full set of flight days and seasonally. In Sect. 4, we review previous
validation studies of TROPOMI tropospheric NO5 products and compare them with our own results. Finally, we conclude and

summarize our findings in Sect. 5.
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2 Methodology
2.1 The WRF-Chem model
2.1.1 Domain and model setup

We employ the Weather Research and Forecasting model coupled with Chemistry (WRF-Chem) version 4.5.1, along with the
WREF Pre-processing System (WPS) version 4.5 (Grell et al., 2005; Skamarock et al., 2019). Our simulations use two nested
domains centered on Bucharest, Romania. The outer domain covers 400 x 600 km? at a 5 x 5 km? resolution, extending across
Romania and Bulgaria, and also covering parts of the Black Sea, Serbia, Moldova, and Ukraine. The inner domain spans
100 x 100 km?2 at a 1 x 1 km? resolution, with its southern and eastern borders intersecting the border between Romania and

Bulgaria (Fig. 1). The vertical grid of the model comprises 44 levels, reaching altitudes up to ca. 20 km.

(a) WRF-Chem nested domains
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Figure 1. (a) WRF-Chem nested domains used for our simulations and (b) closeup of the inner domain showing the municipal borders and

the in situ measurement stations: ANM (blue dots), MARS (yellow) and RNMCA (red). Details are provided in the text.

For each of the 17 SWING+ flights, listed in Table 1, we ran a WRF-Chem simulation spanning 54 hours, starting at
18:00 UTC two days before the flight day and ending at 00:00 UTC the day after. This setup allows for comparisons with in

situ measurements over a two-day period (including the day preceding the flight and the flight day itself), with a spin-up time



Table 1. Acquisition start and end times (local time) of the SWING+ and TROPOMI instruments for each flight date (dd/mm/yyyy) over

Bucharest.

Dates SWING+ start SWING+ end | TROPOMI start TROPOMI end

01/07/2021 10:31:17 12:05:13 14:13:09 14:13:12
05/07/2021 13:28:27 15:11:13 14:38:20 14:38:24
10/07/2021 12:47:44 14:05:20 13:04:56 13:05:00
29/10/2021 12:59:26 14:13:12 13:24:05 13:24:09
04/11/2021 11:35:57 13:02:46 12:11:47 12:11:52
05/11/2021 12:21:00 14:02:01 13:32:45 13:32:48
11/11/2021 12:00:07 13:54:36 13:20:12 13:20:17
22/11/2021 12:04:26 14:01:39 13:14:00 13:14:05
23/12/2021 12:06:58 14:16:26 13:33:06 13:33:11
05/01/2022 11:38:25 13:41:06 12:49:21 12:49:25
24/03/2022 12:16:01 14:15:00 13:26:56 13:27:01
28/03/2022 12:26:05 14:03:22 13:12:15 13:12:18
05/04/2022 12:48:17 14:51:50 14:01:47 14:01:52
15/04/2022 13:16:21 15:11:11 14:14:13 14:14:18
30/06/2022 12:55:39 14:25:13 13:48:38 13:48:42
30/09/2022 12:57:40 14:39:19 13:24:07 13:24:13
02/11/2022 11:24:43 12:46:42 12:05:54 12:05:57

105 of 3 or 4 hours (18:00 UTC is 20:00 or 21:00 LT in Bucharest, depending on daylight saving time). For comparisons with
airborne and satellite measurements, the spin-up time exceeds 37 hours.

The physics and chemistry schemes and options selected for our simulations are summarized in Table 2. In addition to these

choices, external data were used. More specifically, static geographical data were obtained at the highest resolutions available

from the WRF users’” webpage (https://www2.mmm.ucar.edu/wrf/users/download/get_sources_wps_geog.html, last access: 14

110 January 2026). Furthermore, we used the 0.25° x 0.25° ERAS reanalysis data from ECMWF (Hersbach et al., 2023a, b)

to provide the boundary and initial conditions for the physical parameters listed in Supplement 1. These two datasets were

regridded to match our nested domains using the WPS. Boundary and initial conditions for the chemical species are obtained

from the 0.95° x 1.25° WACCMB6 dataset (Gettelman et al., 2019) and regridded using the mozbc preprocessor, available at

the WRF-Chem Tools for the Community webpage (https://www?2.acom.ucar.edu/wrf-chem/wrf-chem-tools-community, last

115 access: 14 January 2026).
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Table 2. Summary of the selected physics and chemistry schemes and options used in the WRF-Chem simulations.

Option Name Reference(s)
Cumulus parametrization Grell-Freitas (GF) Arakawa (2004); Grell and Freitas (2014)
Microphysics Morrison double-moment Morrison et al. (2009)
Physics Longwave and shortwave radiation = RRTMG Tacono et al. (2008)
Planetary boundary layer scheme Yonsei University (YSU) Hong et al. (2006)
Surface layer scheme Revised MM5 Fairall et al. (2003); Jiménez et al. (2012)
Land surface model 5-layer thermal diffusion (SLAB)  Dudhia (1996)
Chemistry Gas-phase chemistry MOZART-4 Emmons et al. (2010)
Aerosol chemistry GOCART Chin et al. (2000)

2.1.2 Emissions

We use the CAMS-REG inventory version 7.0 for anthropogenic emissions across the entire domain, with a spatial resolution
of 0.05° x 0.1° (Kuenen et al., 2022). This inventory provides emission maps for several chemical species (CHy, CO, NHg,
NOy, SOy, particulate matter, and volatile organic compounds) for each Gridded Nomenclature For Reporting (GNFR) sector,
covering the years 2021 and 2022. The list of GNFR sectors, the sectoral distribution of NO, emissions in 2021 and 2022,
and the mapping from the CAMS-REG v7.0 inventory to MOZART-4 chemical species are presented in Supplement 2. The
spatial distribution of NO, emission rates, summed across all GNFR sectors and averaged over the years 2021 and 2022, is
shown in Fig. 2 (a). Here and thereafter, we approximate the Bucharest area using the bounding box shown in Fig. 2, defined
by 44.34° — 44.53° N and 25.96° — 26.24° E. Within this area, the yearly anthropogenic NO, emissions are estimated at
32.6 mol km~2 h~! in 2021 and 33.6 mol km~2 h™! in 2022. These correspond to 4.03 and 4.16 kT y~! of NO emissions,
respectively. The inventory also includes additional temporal factors (hourly, daily, and monthly) and vertical profiles specific
to each sector. For emissions from the GNFR sector L, which pertains to agriculture unrelated to livestock, the monthly factors
vary by species. Figure 3 shows the seasonal variation of NOy emissions over Bucharest during the simulation period. The
strongest seasonal variability is associated with stationary combustion sources not related to power generation or industry, such
as household energy consumption. The temporal factors are estimated based on energy consumption statistics and traffic count
data (Denier van der Gon et al., 2011).

A preliminary evaluation using in situ surface concentrations and airborne column measurements indicated that WRF-
Chem NOs levels are generally too low over Bucharest when using CAMS-REG emissions. Therefore, we applied a custom
adjustment to the CAMS-REG inventory by multiplying the NO, emissions by a factor of 1.5 within the previously defined
Bucharest box. The justification for this crude adjustment will be made clear from the model comparisons with in situ and
airborne measurements (Sect. 3.1.2 and 3.2). It brings a 50% addition (Fig. 3), raising the yearly fluxes to 48.9 mol km~2 h—!
in 2021 and 50.4 mol km~2 h™! in 2022 over Bucharest. We handled the mapping of emissions to match WRF grid cells
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Figure 2. Distribution of NO, emission rates over the WRF-Chem inner domain, summed across all GNFR sectors and averaged for 2021
and 2022. (a) From the CAMS-REG v7.0 inventory at its native resolution. (b) From the CAMS-REG v7.0 inventory, with the emission

factor increased by a factor of 1.5 over the Bucharest box, mapped to the WRF-Chem resolution.

with a redistribution of the emission mass according to the surface fraction of each WRF grid cell within the corresponding
CAMS-REG pixels, preserving the total emitted mass. The resulting map of NO, emission rates, incorporating the adjustment
for Bucharest, as provided to WRF-Chem is presented in Fig. 2 (b).

Biogenic emissions are computed online by WRF-Chem using the Model of Emissions of Gases and Aerosols from Nature
(MEGAN) version 2.04 (Guenther et al., 2006). WRF-Chem input files for the biogenic emissions were generated using
the bioemiss preprocessor, available on the WRF-Chem Tools for the Community webpage (https://www2.acom.ucar.edu/
wrf-chem/wrf-chem-tools-community, last access: 14 January 2026).

Lightning-NO, emissions are computed online based on the parametrization of Price and Rind (1992), which distributes

flashes based on convective cloud top height.
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Figure 3. Seasonal distribution of anthropogenic NOy emissions from CAMS-REG v7.0 over the Bucharest box by sector for the simulation

period in 2021-2022, including the custom addition (+50%, hatched) resulting from the upscaling of total CAMS-REG emissions.

2.2 Measurements
2.2.1 In situ meteorological measurements

The Migurele center for Atmosphere and Radiation Studies (MARS), located within the WRF inner domain (yellow pin in
Fig. 1 (b)), provides measurements of air pressure, temperature, relative humidity, and solar radiation at 2 meters every minute
(Carstea et al., 2025). More specifically, the first three aforementioned variables are available only for the first 15 of the 17
SWING+ dates, while radiation is measured for all of them. When available, these data enable the model evaluation over two-
day time series for each SWING+ flight, starting at 00:00 LT on the day preceding the flight and ending at 00:00 LT on the day
after.

The national meteorological administration, Administratia Nationald de Meteorologie (ANM), also called MeteoRomania,
provides hourly measurements of air pressure, temperature, relative humidity, solar radiation at 2 meters, and wind speed at
10 meters (https://www.meteoromania.ro/, data acquired upon request on March 13, 2024). The network operates 6 stations
located within our WRF inner domain (blue pins in Fig. 1 (b)), named after their respective localities: Afumati, Béneasa,
Filaret, Oltenita, Titu, and Urziceni. For each meteorological variable, we obtained 21 or 22 measurements per flight day and
at each station, with the exception of solar radiation, which was not measured at Titu and was only available for the last 8
SWING-+ flight days elsewhere.


https://www.meteoromania.ro/
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Table 3. List of RNMCA stations in the Bucharest metropolitan area that provide surface concentrations of NO, NO, and O3. For each
species, the number of SWING+ flight overpasses for which the RNMCA station provides in situ measurements is indicated, with 17 being
the maximum. The NO4/NOx ratio is calculated as the average of the hourly ratios evaluated at night across all two-day measurement series

and serves as a criterion for assessing the model representativity at each station.

RNMCA station | NO NO2; Oz Areatype Nighttime [NOx]/[NO2]

B-1 17 17 17 urban 1.47
B-2 17 17 - industrial 1.66
B-3 17 17 - traffic 1.79
B-4 17 17 - industrial 1.45
B-5 17 17 17 industrial 1.56
B-6 17 17 - traffic 1.81
B-7 17 17 17 suburban 1.49
B-8 17 17 17 rural 1.33
B-9 7 7 7 urban 1.47
B-10 3 3 - urban 1.64
B-11 3 3 - traffic 1.81

2.2.2 In situ surface chemical measurements

Surface concentrations of air pollutants are measured hourly by the national air quality monitoring network in Romania,
Reteaua Nationald de Monitorizare a Calitatii Aerului, or RNMCA for short (https://calitateaer.ro/, last access: 14 January
2026). The network manages 30 monitoring stations in the Bucharest metropolitan area, most of which focus on particulate
matter measurements. Of these, 11 stations also monitor key chemical species relevant to our study, including NO, NO-, and for
some of them also O3. The stations are displayed in Fig. 1 (b). RNMCA provides information about potential pollution sources
in the surroundings of each station, allowing the classification into five categories: urban, urban with traffic influence, urban
in an industrial area, suburban, and rural, cf. Table 3. For the model evaluation, we consider two-day series of measurements
for each SWING+ overpass. The first data point is recorded at 01:00 LT on the day preceding the flight day, and the last one
47 hours later. This results in 48 data points per flight for each chemical species and each RNMCA station, provided that all
measurements are available.

The chemiluminescence measurement of NOs, which uses a molybdenum converter, is known to be affected by interference
from compounds in the NOy reservoir (Lamsal et al., 2008). The modeled mixing ratio of NO2 should therefore account for
contributions from PAN, HNOj, and the sum of alkyl nitrates. The latter includes the (reactive) organic nitrate species, ONIT
and ONITR, which are present in the MOZART-4 mechanism. We compute the corrected modeled volume mixing ratio of

NOg, referred to as NO3, from the WRF-Chem model output following Lamsal et al. (2008):

[NO3] = [NOg] 4 0.95[PAN] 4 0.35[HNOg3] + [ONIT] 4 [ONITR]. (1)
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Hereafter, the measured surface NOgy will be referred to as NO3 as well.

Some RNMCA sites are closer to NO, pollution sources than others and are more likely to show higher NO, concentrations
than the model prediction due to enhanced representation errors. Poraicu et al. (2025) suggested that the measured nighttime
NO«/NOq ratio can be used to determine whether a station is well represented by the model. Indeed, away from emission
sources, NOy species are expected to reach the pseudo-steady state (PSS) of their photochemical cycle, which constrains the
NO,/NO; ratio:

oy . g
([N02]>Pss_1+k[03]+...’ )

where .J is the photolysis rate of NOg, k = 1.95 x 10~* molec.”* cm?® s~! (at 298 K) is the rate constant for the titration
of Oz with NO (Burkholder et al., 2019), and the dots represent contributions from peroxy radicals. At night, J becomes
negligible, causing the ratio to decrease and approach 1. However, photochemical equilibrium is far from being achieved near
NOy pollution sources, which primarily emit NO and lead to observed ratios significantly higher than 1. Thus, we select
RNMCA stations with relatively low measured NOL/NO ratios (using NO5 measured values to represent NOg in both the
numerator and denominator) during nighttime, in order to exclude the least representative stations. As shown in Table 3, stations
influenced by traffic exhibit the largest deviations from the PSS prediction, with nighttime ratios greater or equal to 1.79. As
expected, the lowest ratio (1.33) is found for the only rural station. For the model evaluation in Sect. 3.1.2, we will focus on
the eight stations not directly exposed to traffic, characterized by a nighttime NO,/NO, ratio below 1.7 (B-1, B-2, B-4, B-5,
B-7, B-8, B-9, and B-10). The enhancement of NO? concentrations at traffic stations is not specific to our selected dates but
was also observed in yearly averages from 2020 to 2022, as reported by Ilie et al. (2023). Note that this distinction does not
affect the analysis of O3 concentrations, as traffic stations do not measure it. Ozone is only monitored at five distinct stations
(Table 3).

2.2.3 Airborne SWING+ NO5 column measurements

SWING (Small Whiskbroom Imager for atmospheric compositioN monitorinG) instruments are compact whiskbroom imagers
developed at BIRA-IASB for air quality mapping. They use ultraviolet and visible-light spectrometers, covering a spectral
range of 280 — 550 nm with a resolution of 0.7 nm Full Width Half Maximum (FWHM)), to retrieve NOs column abundances
using the Differential Optical Absorption Spectroscopy (DOAS) technique (Platt and Stutz, 2008). Initially designed for op-
erations onboard an unmanned aerial vehicle (UAV) (Merlaud et al., 2018), SWING instruments have since been deployed on
crewed aircraft for validation flights alongside ground-based DOAS instruments and larger airborne imagers over Berlin (Tack
et al., 2019) and Bucharest (Merlaud et al., 2020).

The SWING observations over Bucharest exploited in this study originate from two ESA-funded projects: RAMOS (Nemuc
et al., 2023) and QA4EO (Nemuc et al., 2024). Within RAMOS, a custom version of the instrument, named SWING+, was
developed at BIRA-IASB and permanently installed on the Britten-Norman 2 (BN-2) aircraft operated by INCAS (National
Institute for Aerospace Research). Compared to the original UAV version, SWING+ is enclosed in an aluminum casing, with

the scanner deported by 20 cm to exit the aircraft fuselage. The instrument is still relatively compact (45 x 19 x 15 cm?, 3.8 kg).

10
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In contrast to typical field campaigns that are deployed over a few weeks during summer, the flight strategy in RAMOS and
QAA4EO consisted in flying on a regulatory basis across the year, limited to clear-sky conditions. The BN-2 flew over the city
from an altitude of 3 km, and the SWING+ swath was set to 48°, incremented in steps of 6°, with an integration time of 0.5 s.
This configuration resulted in a ground resolution of 0.35 x 0.35 km?. Table 1 lists the 17 flights used in this study, operated
between July 2021 and November 2022. All dates are weekdays, except for 10/07/2021, which was a Saturday. Flight times
were chosen to coincide with TROPOMI overpasses, except for the first date which was the test flight.

For radiometrically calibrated instruments such as APEX (Tack et al., 2019), surface reflectance can be retrieved through
atmospheric correction of at-sensor radiance. However, for most airborne instruments (e.g., SWING+, AirMAP, Spectrolite;
Tack et al. (2019)), such calibration is not available. For SWINGH+, the albedo is therefore derived from MODIS surface prop-
erties, providing black-sky albedo at 470 nm (MCD43A3 v006; Schaaf and Wang (2015)) interpolated to each airborne pixel.
The a priori profile is a well-mixed NOg box profile constrained by the ERAS planetary boundary layer (PBL) height (Hers-
bach et al., 2023b), under the assumption that the large majority of NOs resides within the PBL. Clouds are not considered, as
all flights are conducted under cloud-free conditions, which is a strict requirement during flight planning.'

In the DOAS analysis, each vertical column density (VCD, or €2g when specifically referring to SWING+) of NOs is obtained
by dividing the slant column density (SCD) by an air mass factor (AMF) specific to each measurement. The slant column itself
is the sum of a reference slant column density (SCDy), estimated only once per flight, and the differential slant column density
(DSCD):

SCD  SCDys+DSCD

VCD =
AMF AMF

3)

AMFs are computed using the uvspec/DISORT radiative transfer model (Mayer and Kylling, 2005), with a relative uncertainty
of 15.2% across the dataset. SCD,¢ represents a residual correction that accounts for the NOo amount present in the instrument
reference spectrum. The reference spectrum is updated for each flight and calculated as the average of 30 spectra recorded over
a clean area. This correction, associated with the average spectrum, was then estimated using interpolated SCD NO» data from
TROPOMI (Veefkind et al., 2012). SCDy.t values range from 0.5 to 2.1 x 10'® molec. cm—2, with an uncertainty estimated
at 100%, yielding an error of 0.2 — 1.0 x 10'® molec. cm™?2 after division by the AMF. Averaged per flight day, the DSCD
uncertainty ranges from 1.4 — 2.5 x 10'® molec. cm~2, reducing to 0.5 — 1.6 x 10'® molec. cm~2 once divided by the AMF.
The combined contributions of the AMF, SCD,¢, and DSCD yield a total VCD uncertainty of 0.9 — 1.9 x 10'® molec. cm 2.
Lower uncertainties correspond to lower VCDs observed in spring and summer, while higher uncertainties are associated with
elevated columns in fall and winter.

For the evaluation of the WRF-Chem model, SWING+ vertical column densities and averaging kernels are regridded to the
model resolution. Measurements falling within the same WREF grid cell and separated in time by less than the model output
interval (5 minutes) are averaged to produce a single regridded SWING+ column. After regridding, the daily average VCD

error due to DSCD uncertainty, which is primarily of random origin, decreases to 0.3 — 0.7 x 10> molec. cm~2. Systematic

"More details on the SWING+ retrieval algorithm will be provided in a dedicated publication: Airborne-Based Assessment of the TROPOMI Tropospheric
NOg Product Across Multiple Campaigns (F. Tack, A. Merlaud, T. Ruhtz, A. Nemuc, S. Iancu, D. Schuettemeyer, and M. Van Roozendael).
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errors remain unaffected by the regridding. The same process is applied to the averaging kernels, denoted as Ag, which are
then used to evaluate the modeled columns, accounting for the instrument vertical sensitivity. More precisely, WRF-Chem
NOg tropospheric columns 2y s are derived from the modeled NO; density field nw and the regridded kernels by integrating

over the troposphere (Trop):

SlVﬂS = d/n14s(2)7lvv(2)(12. (4)

Trop

The regridding of SWING+ measurements for the purpose of TROPOMI validation is detailed in the next section.
2.2.4 Satellite-borne TROPOMI NO, column measurements

The TROPOspheric Monitoring Instrument (TROPOMI) was launched aboard the Sentinel-5 Precursor (S5P) satellite of the
European Space Agency in October 2017 to monitor atmospheric composition and air quality (Veefkind et al., 2012). S5P
is a near-polar and sun-synchronous satellite with a near-daily overpass. TROPOMI is a nadir-viewing pushbroom imaging
spectrometer that covers spectral bands in the ultraviolet, visible, near-infrared, and shortwave infrared regions, enabling the
retrieval of key atmospheric trace gases, including NO,. Its spatial resolution was initially 7 x 3.5 km?, and improved to
5.5 x 3.5 km? after August 2019. Its overpass times over Bucharest are listed in Table 1.

The TROPOMI tropospheric NOg vertical column density ()t is generated through a multi-step retrieval process. First,
DOAS is applied to the Level-1b radiance and irradiance spectra to retrieve total slant column densities in the 405 — 465 nm
range, using techniques developed for OMI (van Geffen et al., 2020). Second, the separation of stratospheric and tropospheric
contributions is performed using data assimilation in the TM5-MP chemistry transport model (Williams et al., 2017). In the
final step, the tropospheric slant column is converted to a vertical column using air mass factors (AMFs), which are computed
with the Doubling-Adding KNMI radiative transfer model (de Haan et al., 1987; Stammes, 2001) based on TM5-MP NO,
vertical profiles. Further details are provided in the TROPOMI NOy Algorithm Theoretical Basis Document (van Geffen et al.,
2024).

In this study, we evaluate TROPOMI NOs retrievals from version 2.4.0, using reprocessed data (RPRO) up to 17/07/2022
and the offline product (OFFL) thereafter (Eskes et al., 2024). This version incorporates an updated surface albedo climatology
based on TROPOMI observations. Only measurements with a quality assurance value greater than (.75 are retained, in accor-
dance with the recommendation. Additionally, only those TROPOMI measurements for which at least 50% of the pixel area is
covered by SWING+ observations are considered in the analysis. The average precision of these TROPOMI measurements is
1.3 x 10*® molec. cm™2.

SWING+ measurements are used here to validate TROPOMI, with WRF-Chem serving as an intercomparison platform that

accounts for the acquisition times and vertical sensitivities of both instruments. The validation is carried out in two steps:

1. We assess the bias of WRF-Chem relative to SWING+ and determine the appropriate correction to WRF-Chem columns
for each flight. This is realized at the TROPOMI spatial resolution by averaging both SWING+ and the corresponding
WRF-Chem columns 2y s over TROPOMI pixels. At this resolution, the random uncertainty on the SWING+ column
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stemming from the DSCD, presented in the previous section, falls below 10'* molec. cm~2. Although model errors arise
from both random and systematic sources, they are expected to be correlated from pixel to pixel within the short time
window (typically less than 2 hours; see Table 1) and small spatial domain (Bucharest surroundings). These correlated
errors are therefore treated as systematic and identified with the model bias, which is allowed to vary from one flight day
to the next. Any remaining random component of the model error is further reduced through regridding to the TROPOMI

resolution.

2. We evaluate another set of WRF-Chem columns, denoted as Qw 1, using TROPOMI averaging kernels Ar and the
modeled NOg density profile nyw averaged over TROPOMI pixels:

war = / AT(z)nw(z)dz, (5)
Trop

and correct these columns based on the biases evaluated in the first step. The bias-corrected version of Qw t columns,

denoted by Q{’A‘,’yT, then serve as a reference to evaluate the bias of TROPOMI, combining data from different flight days,

either all together or by season.

In both steps, we assume that the biases of the model and the satellite can be captured through linear regression against
reference values. Both parametric and robust linear regression methods (Theil-Sen estimator; Theil (1950); Sen (1968)) are
tested, with the latter suppressing the impact of outliers. Importantly, the resulting linear corrections not only adjust mean
column magnitudes but also modify spatial gradients to first order, as the bias is estimated as a concentration-dependent
quantity. To ensure the quality of the results, a selection of flight days will be made based on the evaluation of the model
against SWING+ data. Note that this method generalizes the approach of Poraicu et al. (2023) by extending it to simultaneously
address multiple flight days. In their study, WRF-Chem biases relative to the airborne instrument APEX and to TROPOMI were
subtracted to infer the bias of TROPOMI with respect to APEX, one flight date at a time.

3 Results
3.1 Model evaluation using in situ measurements

3.1.1 Meteorological observations

In this section, we present the results of the model evaluation for the surface values of physical parameters measured at the
MARS and ANM stations. The analysis combines the observed and modeled physical parameters from all 17 flight dates, over
the corresponding two-day periods at MARS and the flight days for the ANM stations (see Fig. 4). Details about the synoptic
parameters specific to individual SWING+ flight days that could be critical for the evaluation of the NO, column, such as the
modeled wind direction over the city during the flight time, will be discussed in Sect. 3.2. Throughout this study, we use the

statistical metrics defined in Table 4.
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Figure 4. Surface meteorological measurements from MARS and ANM and comparison with WRF-Chem. The horizontal axes represent
local time in hours. Each plot focuses on a specific meteorological parameter and includes all 17 one or two-day time series from the various
stations, when available, averaged into a single time series. Some points were excluded from the plots when the number of available station-
date pairs fell below 95% of the maximum, as this was considered unrepresentative visually, though the data is still included in the main text

analysis. Gray and green windows indicate the averaged nighttime and SWING+ flight hours from the measurement dates, respectively.

The model mean bias (MB) for air pressure is 1.0 mbar at MARS, 0.4 mbar at the ANM stations, and overall negligible
in terms of relative biases. The corresponding root mean square error (RMSE) are 1.2 mbar and 0.9 mbar, respectively. Both
measurement datasets show a perfect correlation coefficient of 1.00. The air temperature measurements indicate model biases
of —0.4°C at MARS and 0.1°C at the ANM stations. The daytime underestimation and nighttime overestimation of temperature
were reported in a previous study using the WRF model over Bucharest (Iriza et al., 2017). The model RMSE reach 2.3 and
2.4°C, respectively. The correlation remains excellent overall, with Pearson’s coefficients of 0.98 and 0.97. The MB of the
model for relative humidity reach 2.1% at MARS and 5.4% at the ANM stations. RMSEs are an order of magnitude higher,
11.5% and 14.2%, respectively. High correlations, with values of 0.86 and 0.85, are calculated at the corresponding sites. Solar
radiation is well reproduced by the model according to MARS measurements: the MB of 9.2 W m~2 is negligible, the RMSE is
66.7 W m~2, and the correlation is close to 1 (0.97). Generally, fewer fluctuations are observed on the second day, see Fig. 4 (d),
as it was selected as the flight day due to favorable weather conditions. The good model performance is further confirmed with
the ANM measurements, despite an increase in bias and error: the MB is 36.5 W m~2, the RMSE is 69.8 Wm™2, and the

correlation coefficient is equal to 0.99. The ANM measurements indicate an overestimation of the modeled wind speed by
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Table 4. Statistical metrics used to evaluate the model. The formulas are written for N observed values O; and the corresponding modeled

data M;, withi=1,..., N.

Metric ‘ Formula
1 X
Mean observed value 0= ~ O;
1 i:]\}
Mean modeled value M= N Z M;
i=1
Mean bias MB=M -0
v aie)
Relative bias RB = —— 0
0]
Root mean square error RMSE = \/ % Zf\]: (M — 0;)?
~N _ _
- (0 —0)(M; — M
Pearson’s correlation coefficient | r = Z’ZI( ) )
N = N -
VE1(0; - 0)2\ /S0, (My, ~ D)2

1.0 m s—!, in line with former WRF evaluations over urban areas (Kim et al., 2013; Feng et al., 2016; Poraicu et al., 2023).
The wind direction is biased by 15.7°. Evaluating both components of the modeled horizontal wind field, U and V', the RMSE

is 1.5 m s~ ! and we find a Pearson’s correlation coefficient of 0.64.
3.1.2 Surface chemical concentrations

We compare surface concentration measurements from the RNMCA network with WRF-Chem for NO, NO3, and Oj at the
model lowest vertical level. Figure 5 displays the model performance for the different types of stations. Each plot includes
measurements from the 17 two-day time series, averaged into a single time series. Therefore, the discussion of seasonality is
deferred to a later part of this section.

The model generally underestimates NO and NO?} levels while overestimating Os, in line with the strong titration effect of
NOx on ozone near pollution sources. The underestimation of NO3 is significantly reduced when moving from traffic stations
(—21 pg m~3) to suburban and rural stations (—5 g m~3). This aligns with the discussion on station representativeness in
Sect. 2.2.2 and further supports the exclusion of traffic stations when selecting representative sites. We therefore present in
Table 5 the statistical metrics used to evaluate the 17 two-day time series, focusing only on non-traffic stations. Another table
is presented in Supplement 3, comparing simulations with and without the 1.5 scaling factor applied to NOy emissions. In
the unscaled case, the underestimation of NO and NO3, and the corresponding overestimation of O3 levels, are slightly more
pronounced, by a few percent.

The negative bias in daytime NO3 levels in WRF-Chem is similar to the reported underestimation by Poraicu et al. (2023).
However, WRF-Chem simulations over Europe have shown an important nighttime overestimation of NO3 (Poraicu et al.,

2023; Kuhn et al., 2024), which is not observed here. Our results also contrast with those from the Land-Use Regression
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Figure 5. Comparison of surface NO, NO3, and O3 measurements from the RNMCA network with WRF-Chem model outputs. Units of
the vertical and horizontal axes are g m ™ and hours (local time). Each plot focuses on a specific set of RNMCA stations based on location
and includes all 17 two-day time series, when available, averaged into a single time series. For each series, we indicate the mean value in the

legend. Gray and green windows indicate the averaged nighttime and SWING+ flight hours from the measurement dates, respectively.

model (Talianu et al., 2024), which reported daytime positive biases of 8 —30% during a period within 2022 and 2023, using a
comparable set of measurements over Bucharest.

Several factors may explain this discrepancy. While an underestimation of emissions remains a possibility, comparisons

340 with NO2 column measurements in the following sections suggest that the factor of 1.5 applied to the CAMS-REG inventory

is well-justified. However, other factors could also contribute to the model underestimation:

— Poor representativeness of measurements: Even at non-traffic stations, nighttime NO,/NO- ratios remain significantly

higher than 1 (see Table 3).

— Limited resolution of anthropogenic emissions: The CAMS-REG inventory is too coarse to accurately capture the spatial

345 heterogeneity of the city, leading to an underestimation of NOy pollution levels near hotspots.

— Overestimated surface wind: As seen in Sect. 3.1.1, the model overestimates horizontal wind speed, which enhances the

advection of clean air from surrounding rural areas, diluting NO, concentrations.

— Excessive vertical mixing: Turbulence in the boundary layer could further contribute to the dilution of NOy species.

Unfortunately, the lack of ceilometer data prevents us from diagnosing potentially overestimated vertical mixing.

350 The model generally captures well the diurnal cycle of the measurements. The rush hour peak in the morning and the evening

peak in NO, are observed in both the measured and modeled concentrations. As pointed out by Poraicu et al. (2023), a rush
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Table 5. Statistical metrics calculated for each species and period of the day. Values are obtained from non-traffic RNMCA stations and flight

hours refer to the SWING+ acquisition times.

Species | Time period | MB (ugm™2) RB (%) RMSE (ugm~3) PCCr

Two days —10 —70 28 0.48
Daytime -7 —61 16 0.70

NO
Nighttime —14 -76 37 0.41
Flight hours —4 —60 7 0.67
Two days -7 —24 20 0.66
Daytime -8 -33 15 0.71

NO3
Nighttime —6 -17 24 0.58
Flight hours -9 —49 12 0.80
Two days 11 27 24 0.76
o Daytime 12 22 22 0.81
’ Nighttime 10 38 25 0.47
Flight hours 9 12 16 0.85

hour peak in the late afternoon is not always identifiable, which is expected due to the counterbalancing effects of chemical sink
and boundary layer development. The daytime ozone buildup and plateau are well reproduced by the model. Slight delays in
these patterns may occur, but the overall correlation is satisfactory. During daytime, we report in Table 5 correlation coefficients
of 0.70, 0.71, and 0.81 for NO, NO%, and Os, respectively. Notably, if we restrict the time window to flight hours for NO3, in
anticipation of the SWING+ measurements analysis, the correlation increases to 0.80.

The two-day simulation periods may be grouped according to the meteorological seasons. Figure 6 compares the measured
values at non-traffic RNCMA stations with the corresponding modeled outputs, separated by season: summer (June-August),
fall (September-November), winter (December-February), and spring (March-May).

NO peaks are sharper during cold months. This is due to lower sun exposure in winter, which reduces the generation of
ozone and peroxy radicals, both of which are sinks for NO, thereby increasing its lifetime as well as the time needed to
reach photochemical steady state between NO and NO3. As in the previous analysis, we find that NO levels are generally
underestimated by the model across all seasons. In particular, the model does not simulate enough nighttime accumulation
during the colder months. The second day of the winter runs shows the best daytime agreement, relative to other seasons.
However, because the winter analysis is based on only two time series, it is difficult to draw definitive conclusions regarding
which season is best reproduced by the model. Daytime correlation values remain consistent across seasons, ranging from 0.60
in winter to 0.68 in fall. Note that in summer, measurements are close to the detection limit.

Similarly to NO, surface levels of NO3 are generally underestimated. The best agreement is found in winter, where nighttime

values appear to be particularly well reproduced. The diurnal evolution during this season is also well captured, though with
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Figure 6. Comparison of surface RNMCA measurements from non-traffic stations with WRF-Chem model outputs. Units of the vertical and
horizontal axes are ;g m~> and hours (local time). Each plot is the averaged curve of series of two-days on a specific meteorological season:
summer (4 series), fall (7 series), winter (2 series), and spring (5 series). For each two-day series, we indicate the mean value of the surface
concentration in the legend. Gray and green windows indicate the averaged nighttime and SWING+ flight hours from the measurement dates,

respectively.

greater variation. The morning rush hour peak is visible in the modeled values for fall and spring but is too flat during summer.
Daytime correlation coefficients range from 0.59 in summer to 0.73 in winter.

Ozone is consistently overestimated across all seasons, both during day and night. As expected, months with higher sun
exposure exhibit a more significant O3 buildup, generated from the oxidation of carbon monoxide and volatile organic com-
pounds in presence of NO, and ultraviolet radiation. This seasonal variability is present in both the measured and modeled
values (in value ranges comparable to those observed in the WRF-Chem simulations of Maco et al. (2019)). Notably, a good
agreement is found at the summer daytime maxima. Daytime correlation is lower in winter, with a coefficient of 0.49, while in

other seasons, it ranges from 0.75 to 0.79.
3.2 Model evaluation against airborne column measurements

For each flight, column comparisons are assessed using the statistical metrics of Table 4. The results vary significantly from
one date to the next. Therefore, we will first provide a detailed analysis only for the two flight days with the highest correlation

coefficient, 11/11/2021 and 30/06/2022, before presenting a summary encompassing all flight days.
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Figure 7. Tropospheric NO2 columns on Thursday 11 November 2021, presented as a temporal series of SWING+ and WRF-Chem values

plotted against local time, with mean values in parentheses in (a), and corresponding maps in (b) and (c).

3.2.1 Flight on November 11, 2021

The temporal series and maps in Fig. 7 illustrate the model capability to reproduce tropospheric NOs columns on our best-
performing date. The observed and modeled NOs levels are very similar, and the synchronicity of the peaks and dips in the
time series leads to an excellent correlation coeffcient of 0.94. The maps clearly show a plume emanating from the city and
transporting NOg in the North-West direction in both cases. This is a satisfactory result considering the coarse resolution of
the emission inventory.

The calculated RMSE is equal to 1.7 x 105 molec. cm~2, mainly due to an overestimation, both in the background values
and at the plume peaks. The relative bias (RB) is relatively high (43%), partly due to the large number of small values, including
negative ones, in the SWING+ measurements. Note that negative values may result from a calibration offset combined with
random errors in the background values. For this flight, only 2.3% of the measurements are negative and within the bounds of

the error bar.
3.2.2 Flight on June 30, 2022

Figure 8 presents the model evaluation on June 30, 2022. The first part of the airborne measurements shows abnormally high
background values away from the plume emanating from the city (cf. dotted area in the subfigures). Those high values are not

captured by the model and are likely due to a stabilization delay of the SWING+ instrument. Specifically, since the SWING+
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Figure 8. Tropospheric NO2 columns on Thursday 30 June 2022, presented as a temporal series of SWING+ and WRF-Chem values plotted
against local time, with mean values in parentheses in (a), and corresponding maps in (b) and (c). Dotted values, acquired from 12:55 to

13:24 LT, are excluded from the analysis for reasons explained in the text.

instrument is not thermally stabilized, its spectral resolution changes as the temperature decreases during the flight ascent.
These variations affect the accuracy of the NO2 measurements. For this reason, we exclude the first measurements, up to
13:24 LT, from our analysis.

Thereafter, the modeled columns correlate very well with the measurements, with a Pearson’s coefficient of 0.89. This time,
however, the model tends to underestimate the measurements, with a small RB of —18% and an error of 1.5x10'® molec. cm~2.
This latter metrics is dominated by small columns associated with the background, where the model slightly overestimates the

measurements, similarly to what was found for November 11, 2021, though to a lesser extent.
3.2.3 Summary for all flights

Table 6 presents the evaluation of NOg columns from WRF-Chem against SWING+ measurements using the statistical metrics
from Table 4, for each separate flight. It also provides statistics per season and for the entire dataset. For two dates, namely
10/07/2021 and 30/06/2022, we truncate data associated with the beginning of the flight for reasons explained in Sect. 3.2.2.
Inspection of both datasets, conducted independently of each other, indicated that selecting 13:24 LT as the start time was

appropriate, instead of the time reported in Table 1. In Supplement 3, Table S4 provides the comparison statistics (similar to
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Table 6. Evaluation of tropospheric NO> columns from WRF-Chem against SWING+ measurements, regridded to the resolution of the
model, for each flight day. For dates marked with a dagger (}), measurements have been truncated to start at the time of 13:24 LT. The last

rows assembles data by season or for all dates combined, excluding the worst-performing one, 22/11/2021, when marked with an asterisk

().

Dates Sample size | MB (10'® molec. cm™2) RB (%) RMSE (10'® molec. cm~2) PCC r
01/07/2021 1531 —-0.3 11 0.8 0.80
05/07/2021 1436 0.2 9 1.5 0.59
10/07/2021° 677 -0.1 —4 0.9 0.58
29/10/2021 1355 4.6 79 6.5 0.86
04/11/2021 1333 —0.3 -5 2.3 0.85
05/11/2021 1691 5.3 125 7.7 0.69
11/11/2021 1902 1.2 43 1.7 0.94
22/11/2021 1899 3.9 58 11.2 —0.05
23/12/2021 2020 4.6 113 5.1 0.72
05/01/2022 1937 0.2 7 1.1 0.79
24/03/2022 1985 -1.0 —24 2.2 0.59
28/03/2022 1617 —0.5 —15 2.1 0.56
05/04/2022 1936 —-0.8 —34 1.3 0.75
15/04/2022 2038 -1.3 —31 2.4 0.76
30/06/20221 1136 —0.7 —18 1.5 0.89
30/09/2022 1772 —-1.6 —33 3.4 0.70
02/11/2022 1590 —~1.6 —25 2.5 0.81

Summer dates 4780 —0.2 -7 1.2 0.77
Fall dates* 9643 1.2 24 4.6 0.65
Winter dates 3957 2.4 66 3.7 0.53
Spring dates 7576 -0.9 —26 2.0 0.69
All dates™ 25956 0.5 13 3.4 0.65

410 Table 6) for runs with and without the factor of 1.5 applied to CAMS-REG v7.0 NO, emissions. Equivalents of Fig. 7 and
Fig. 8 for the other flight dates, simulated with upscaled emissions, are presented in Supplement 4.

The specific case of 22/11/2021 stands out as an outlier due to its large RMSE (11.2 x 10'® molec. cm~2) and a correlation

coefficient close to 0 (—0.05). A detailed inspection of the model meteorological performance for that day, in comparison

with ANM measurements, reveals that it fails to accurately reproduce a change in surface wind direction just before SWING+

415 begins recording. The observations indicate a transition from westerly to easterly winds occurring between 05:00 and 09:00 LT.
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In contrast, the model simulates this transition beginning around 08:00 and completing near 13:00, resulting in a delay of
approximately three to four hours. This issue justifies the omission of this flight from further analyses.

The comparable numbers of days with either positive (7) or negative (10) biases in Table 6 suggest a balanced model
behavior on average. The small overall bias across all selected dates (MB of 0.5 x 10'® molec. cm~2 and RB of 13%), along
with the underestimation in surface NO3 found in Sect. 2.2.2 (MB of —8 ug m~2 and RB of —33%), provides a retrospective
justification for increasing the CAMS-REG anthropogenic NO, emissions by a factor of 1.5, as proposed in Sect. 2.1.2.

The small overall model bias against SWING+ reflects compensating seasonal biases of opposite sign, indicating that a
temporally varying scaling factor for NOy emissions may be more realistic. However, while finer, day-specific adjustments
based on the column evaluations in Table 6 could be considered, they would likely introduce abrupt and potentially unrealistic
temporal variations in emissions, e.g., in November 2021, when the mean model bias ranges from —5% to +125% across
different days. This variability may reflect the fact that, in addition to emission uncertainties, the model daily performance
(e.g., chemistry and transport) on a limited set of days can strongly influence seasonal statistics, particularly in winter and fall,
whereas spring and summer appear more consistent.

The RMSE exceeds 5 x 10'® molec. cm ™2 on only three of the selected dates and remains at or below 2.5 x 10 molec. cm 2
for 12 dates. The RB lies within +50% for 13 dates, and within +25% for 9 dates, making them comparable to the results
obtained by Poraicu et al. (2023). Correlation coefficients range from 0.56 to 0.94, with 10 dates above 0.75 and a satisfactory
overall value of 0.65 for the compilation of all selected dates.

The seasonal statistics in Table 6 show an underestimation of NOy columns during summer and spring, and an overesti-
mation during winter and fall. The model underestimation in summer and spring is consistent with the underestimation of the
observed surface concentrations during daytime (Sect. 3.1.2). These discrepancies may result from emission errors, inaccu-
racies in vertical mixing and/or oxidant levels, and possibly issues related to other model species. The surface measurements
indicated a close agreement with the model during the first hours of daytime in fall and an overestimation in winter before
the underestimation sets in (see Fig. 6). This does not appear in the comparison with SWING+ data in Table 6. One possible

explanation is that the model lifts NOg species too far from the surface, at altitudes where SWING+ is more sensitive.
3.3 TROPOMI validation
3.3.1 Correcting WRF-Chem bias using SWING+

We first compare SWING+ measurements €2s with WRF-Chem outputs Qw s, accounting for SWING+ averaging kernels and
acquisition times, but this time at TROPOMI spatial resolution. Specifically, we use a linear regression, denoted by LR, to

predict the SWING+ column value from a given WRF-Chem column Qy s, as defined in Eq. (4):
LR (Qw,s) = ap+a1Qws, (6)

where g and o are scalar values to be determined through separate linear regressions for each flight day. This is because

the comparisons of WRF-Chem with SWING+ data show significant variations across different flight dates. Additionally, we
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exclude the flight of 22/11/2021 from the present analysis due to the lack of correlation between the model and the flight data
(cf. Sect. 3.2).

450 We adopt the Theil-Sen estimator (Theil, 1950; Sen, 1968) for all selected dates (implemented via scipy.theilslopes along
with a custom code to bootstrap the associated uncertainties). This method offers greater robustness to outliers and improved
accuracy in error estimation compared to parametric methods such as ordinary and weighted least squares (Wilcox, 2010). A
comparison of these three methods applied to our datasets is provided in Supplement 5. The results of the Theil-Sen regression
for the selected flight dates are shown in Fig. 9. As expected from the results presented in Sect. 3.2, both intercepts and slopes

455 vary significantly across the different flights, along with their associated uncertainties.

= = N
w o v o

SWING+ columns Qs (10> molec. cm~2)

o

0 5 10 15 20 25 30
WRF-Chem columns Qu, s (10'®> molec. cm~2)

. 01/07/2021 e 05/01/2022
(0.06+0.31)+(1.18+0.13)Qw, s (0.13+£0.28)+(0.89+0.08)Qw, s
. 05/07/2021 e 24/03/2022
—— (0.90%0.47)+(0.63%0.11)Qw,s —— (2.61%0.45)+(0.53%£0.14)Qw, s
o 10/07/2021 . 28/03/2022
(0.78+1.19)+(0.70£0.59)Qw, s (1.07£1.10)+(0.87£0.41)Qw, s
e 29/10/2021 o 05/04/2022
(-0.42%+1.77)+(0.64+0.17)Qw, s (0.24+0.33)+(1.44+0.18)Qw, s
o 04/11/2021 e 15/04/2022
(1.91£1.49)+(0.76+0.12)Qw, s (0.40+0.58)+(1.45%0.22)Qw, s
o 05/11/2021 e 30/06/2022
(0.35+1.53)+(0.44+0.08)Qw, s (-0.09%0.53)+(1.24£0.10)Qw, s
o 11/11/2021 e 30/09/2022
— (-0.73+0.27)+(0.95%0.06)Qw, s — (-1.46+1.18)+(1.91+0.42)Qw,s
o 23/12/2021 e 02/11/2022
(-6.99%+1.40)+(1.32+0.17)Qw,s —— (-0.91%+1.94)+(1.53%0.40)Qw,s

Figure 9. Scatter plot of SWING+ and WRF-Chem column values for our selection of 16 flight days. For each date, Theil-Sen estimators

are used to determine the linear relationship LRy, along with associated uncertainties on the fitted coefficients.

The WRF-Chem tropospheric columns used for comparison with TROPOMI, denoted €w 1, are constructed using TROPOMI
averaging kernels and calculated at the satellite acquisition times, as defined in Eq. (5). However, these are likely biased, just

like Qw s, so we define a bias-corrected version of the column, Q%&,T, based on the model evaluation against SWING+ data, as
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derived in the previous step:
QW1 =LR1(Qw.r) = a0 + 1 Qw.r. 7

These bias-corrected columns can then be directly compared to the TROPOMI measurements, (), since they are evaluated at
the same time and account for TROPOMI vertical sensitivity through the term o 2w 1. Note that the constant term, o, was
evaluated while accounting for SWING+ vertical sensitivity. However, correcting this term is not feasible without additional
knowledge of the true atmospheric vertical profile. Nevertheless, its contribution to the overall expression is expected to be

minor, as explained in Appendix A.
3.3.2 Evaluation of TROPOMI bias

By combining datasets from different flight days, either collectively or by season, we can assess the TROPOMI columns ()

against the bias-corrected WRF-Chem columns Q%?,T» using a linear regression denoted by LRo:
LR2(933,T) =B + 5195\3,T7 (8)

where By and 3; are scalar parameters. Unlike in Sect. 3.3.1, this linear regression involves two datasets that both contain
random errors. TROPOMI measurements are affected by instrument precision, with an average uncertainty of or = 1.3 X
10'® molec. cm~2 across all selected dates. The average uncertainty of the bias-corrected dataset is limited by the precision of
the regression method used to produce it and is estimated at o g, = 0.5 x 1015 molec. cm 2.

Because most of the random uncertainty is due to the TROPOMI columns,” the Theil-Sen estimator remains applicable in
this context. We compare this approach to other parametric alternatives in Supplement 5. Among them, the orthogonal distance
regression with weights (implemented via scipy. ODRPACK, Boggs et al., 1992) accounts explicitly for errors on both axes,
together with possible heterogeneity (heteroscedasticity). As shown in Supplement 5, it produces similar regression results to
the Theil-Sen method and performs slightly better in terms of mean absolute deviation of the fit. We interpret this result as
evidence that outliers do not significantly influence the orthogonal regression. Therefore, we choose this parametric method
based on its better fit performance, while noting that both approaches yield consistent results and thus reinforce each other.
The resulting scatter plot is shown in Fig. 10.

For different values of the bias-corrected column Q5 in the range (1 — 15) x 10'5 molec. cm™2, the regression line LRy

allows to estimate the bias in TROPOMI measurements:
Op — OF = LRy (QF) — QOF = By + (81 — DOF £ 0y, ©)

Before substituting numerical values into this expression, we first summarize the sources of uncertainty that contribute to the

bias estimation, captured in oy,

2The factor B1oLR, /ot governs the relative contribution of the uncertainties. Our assumption is supported by the small value of OLR; /ot =0.38 and a

posteriori by the estimated regression line yielding 81 = 0.85, as presented later in the text, such that 81o1r, /ot = 0.33.
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Bias-corrected WRF-Chem columns Qf 1 (101> molec. cm~2)

Figure 10. Scatter plot of 452 TROPOMI and bias-corrected WRF-Chem column values for all flight days (except 22/11/2021). Weighted
orthogonal distance regression estimators are used to determine the linear relationship LR2, along with associated uncertainties on the fitted

coefficients. For each date, the number of columns is displayed in parentheses.

The bias-corrected WRF-Chem columns QB@T carry the random uncertainty of the SWING+ columns o5 r;n4 because LR1
propagates it through the regression. This random error is therefore reflected in the uncertainties of LR, as displayed in the
legend of Fig. 10. However, the systematic component of the SWING+ measurement error, denoted o syst, Was not included.
We incorporate it now into the evaluation of TROPOMI bias, in addition to the random uncertainty already present from the

evaluation of the regression LRy, denoted as opg,:

Ob = 4/ OERz + 6%U§,sy5t. : (10)

The uncertainty o r, is determined from the uncertainties in the regression parameters 5y and 31, whereas o5 sy arises from
uncertainties associated with the reference slant column and the air mass factors used in the computation of the SWING+
vertical column density (Sect. 2.2.3). The error in the residual slant column is indeed purely systematic, and for simplicity, the
AMF uncertainty is likewise assumed to be systematic, without a random component. Finally, we express the main result of

this section as:

Qp — QO = 0.35—0.1502 + \/(0.51)2 —0.0108¢ + (0.1308°)2, (11)

with Q8 in units of 10*® molec. cm~2. Bias estimates for various column values % are presented in Table 7. Details on how

to obtain the numerical expression for the error from Eq. (10) are provided in Appendix B.
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Table 7. TROPOMI mean biases, MB = Qr — Q4 (10'® molec. cm™2), and relative biases, RB = (Qr — Q%) /Q% (%), for various column

values Q% (10'® molec. cm™2) within the range of applicability of our results, roughly (1 — 15) x 10'® molec. cm™2.

be
Q1

1 2 4 6 8 10 12 15

MB | 0.2£05 00+06 -03+07 -06+09 -09+12 -124+14 -15+17 -1.9%£2.0
RB 20+ 52 2428 —6+£18 -9+16 —11+£15 —-12+14 —-12+14 —13+13

We can further invert the linear relation LR to estimate a bias-corrected column €2 for a given TROPOMI measurement

Qr, in 10*® molec. cm™2:

Q8 = —0.424 1.18Q7 £ 1/(0.61)2 — 0.04 Q1 + (0.19Q7)2. (12)

Similar to the previous expression, the uncertainty has been calculated to account for the systematic error in the SWING+
product, in addition to the uncertainty arising from the precision of the linear regression method.

We reproduce the linear regression for the selected dates grouped by season in Fig. 11. Our first remark is that the results for
winter are of lower quality than in other seasons, due to the small size of the dataset, which covers only two dates (23/12/2021
and 05/01/2022) for a total of 62 columns. The flight day of 23/12/2021 shows less convincing results (Table 6) and is character-
ized by consistently high modeled background values (see Supplement 4), which may be due to inaccurate initial or boundary
conditions for NOy, oxidant concentrations, and/or heterogeneous chemistry on aerosols. When focusing on the most reliable
of the two dates, 05/01/2022, we find that the resulting fit matches well the general relationship of Fig. 10. Therefore, we con-
sider this date alone to provide a more robust basis for the winter analysis presented in the next paragraph. Note that excluding
23/12/2021 from the general analysis in Fig. 10 does not significantly affect the result. The resulting regression line becomes
(0.21+0.10) 4 (0.87 £ 0.04)9{’,\33, which remains consistent with the original fit within the estimated uncertainties.

Remarkably, the summer scatter plot shows very little bias, with a value of —0.1 x 10'® molec.cm ™2, and no apparent depen-
dence on the column value. Taking into account SWING+ systematic errors, at low column densities of 2 x 10!% molec. cm 2,
we find relative biases of —6+25% (summer), 50+ 38% (fall), —15+44% (winter), and —14 424% (spring). For high column
values of 1016 molec. cm~2 (even though this is slightly outside the range of applicability for summer, winter, and spring), we

estimate the relative biases to be —1 & 17% (summer), 0 £ 16% (fall), —15 4= 29% (winter), and —18 & 14% (spring).

4 Review of TROPOMI tropospheric NO- validation

Tables 8 and 9 summarize literature results on the validation of TROPOMI tropospheric NOs products. The studies span from
2019 to 2025, cover several TROPOMI product versions, and focus primarily on populated regions in North America, Europe,
and China, while also including less-studied environments such as Kinshasa (Yombo Phaka et al., 2023). Table 8 compiles
results from studies that employed Pandora column measurements from the Pandonia Global Network (Herman et al., 2009)

and MAX-DOAS instruments (Honninger et al., 2004), while Table 9 presents comparisons with airborne measurements,
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Figure 11. Seasonal scatter plots of TROPOMI versus bias-corrected WRF-Chem column values for the selected flight days: (a) summer,
(b) fall, (c) winter, and (d) spring. Weighted orthogonal distance regression estimators are used to determine the seasonal linear relationships
(solid lines), as well as the day-specific regression for 05/01/2022 during winter (dotted line), including the associated uncertainties on the

fitted coefficients. For each time period, the number of columns is displayed in parentheses.

including our own results using SWING+. Overall, the reported relative biases are predominantly negative across both low
and high column abundances. Most biases fall within the 50% acceptance range set by TROPOMI requirements (van Geffen
et al., 2024). Note that, compared to the previous section, we have reduced the column concentration range by raising the lower

2, with an upper bound placed at 15 x 10'® molec. cm 2. This adjustment reflects the

bound from 10*® to 4 x 10'® molec. cm™
fact that most of the referenced studies were conducted in polluted urban environments, typically more polluted than Bucharest
and its surrounding rural regions, with NO columns generally much higher than 10'® molec. cm~2. Results from Chan et al.

(2020), Verhoelst et al. (2021), and Lambert et al. (2025), which do not fit our table format, are discussed separately below.
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Table 8. Compilation of past studies evaluating TROPOMI tropospheric NO4 against reference columns: 2p (Pandora) and Qvp (MAX-
DOAS), in units of 10'® molec. cm™2. The validation method used is either a direct comparison (a) or a comparison accounting
for recalculated air mass factors (b). From the regressions, percentage relative biases (RB) at low (4 x 10'® molec. cm™?) and high

(15 x 10 molec. cm™2) column values are calculated.

Reference TROPOMI product Method Regression line  RB, low col.  RB, high col.
Griffin et al. (2019) OFFL v1.1 a —0.39 4+ 0.6992% —41 —34

b —0.26 +0.74Qp —32 —28

Zhao et al. (2020) OFFL v1.1, 120w a 1.109p 10 10

é b 1.150% 15 15
£ OFFL v1.1, 1200 a 0.72Qp —28 —28
b 0.880p —12 —12

Judd et al. (2020) RPRO v1.2 a —0.70 +0.80Qp —38 —25

b —0.20 +0.82Qp —23 —-19

Douros et al. (2023) RPRO v1.2, OFFL v1.2, 1.3, 1.4 a —0.25 +0.58Qp —48 —44

b —0.36 4 0.74% —-35 —28

Dimitropoulou et al. (2020)  OFFL v].2(Vinn a —0.27 + 0.810wp —26 —21

b —5.09 + 1.67Qmp —60 33

RPRO, OFFL v].20Pin?) a 1.86 4 0.47Qwmp —6 —41

b 0.40 + 1.19Qmp 29 22

2 RPRO, OFFL v].26ummen a 1.28 4 0.58Qmp -10 —-33
= b —0.38+ 1.210wp 11 18
ﬁl RPRO, OFFL v1.2™" a 1.3140.61Qmp —6 -30
= b 0.71 4 0.97Qwp 15 2
Cai et al. (2022) OFFL v1.2, 1.3 a —0.85 +0.84Qmp —37 —22

van Geffen et al. (2022) OFFL v1.2,1.3 a 0.80 4+ 0.48mp —32 —47
DDS v2.1,2.2 a 1.00 + 0.53Qmp —22 —40

Douros et al. (2023) RPRO v1.2, OFFL v1.2, 1.3, 1.4 a 0.55 4+ 0.55QMmp —31 —41

b 0.65 + 0.68Qwmp —-18 -30

Yombo Phaka et al. (2023) OFFL v2.1, 2.2, PAL v2.3 a —0.21 +0.67Qup —38 —34

b 1.15 4 0.64Qmp -7 —28

The reported studies span TROPOMI product versions from v1.1 to v2.8, with Lambert et al. (2025) using v2.4, the version
adopted in this work. We summarize the changes following van Geffen et al. (2024), which guides our treatment of the different
products. Versions v1.2 and v1.3 introduced only minor refinements with negligible impact on column values with respect to
v1.1; we group these together. A major update came with v1.4, which improved the cloud retrieval algorithm and led to higher

NOg columns, especially in polluted regions. Since Douros et al. (2023) used v1.4 for only four months in a three-year analysis

28



540

545

550

Table 9. Same as for Table 8, except that airborne measurements are used for validation. The validation method used is either a direct
comparison (a), a comparison accounting for recalculated air mass factors (b), or denotes the use of WRF-Chem combined with TROPOMI

averaging kernels as detailed in Sect. 2 (c).

Reference TROPOMI version Method Regression line  RB, low col.  RB, high col.
Griffin et al. (2019)  OFFL v1.1 a —0.26 +0.89Q4 —-18 —13

b —0.4441.0404 -7 1

Judd et al. (2020) RPRO v1.2 a 0.60 4 0.68024 —17 —28

b 0.70 4+ 0.7704 -5 —18

Tack et al. (2021) OFFL v].3(summen a 0.29 4+ 0.820Q4 —11 —16

b 0.46 4 0.92025 3 -5

Lange et al. (2023) OFFL v1.3®0 a 2.54+0.38Q4 2 —45

2 b 2.36 4+ 0.4104 0 —43
£ PAL v2.3( a 171+ 0.8304 26 —6
| Poraicu etal. 2023)  OFFL y].30ummen c 0.64 +0.82825 -2 —14
PAL v2.3(summen c 0.41 4 0.95Q4 5 -2

Johnson et al. (2023) PAL v2.3 a 1.80 + 0.58Q24 3 —30

This work RPRO v2 4(inten c 0.00 +0.85Q, —15 —15
RPRO v2.40prine) c 0.09 +0.81Q4 —17 —18

RPRO v2.4¢ummen) c —0.12 4 1.00924 -3 -1

RPRO, OFFL v2.4®" c 1.22 4 0.88Qa 19 —4

RPRO, OFFL v2.4 c 0.35 +0.85Q4 -6 —13

that otherwise relies on products from earlier product versions, we will compare their results with those from the v1.1-1.3 group.
Further updates from v2.2 to v2.4 included improvements to the surface albedo, which enhanced radiative closure and reduced
low biases in vegetated regions such as the Amazon basin. Versions v2.4 to v2.8 maintained a stable retrieval framework with
only minor adjustments. Given the overall consistency of later versions in urban settings, we group versions v2.1 through v2.8
together for comparison.

For v1.1 to v1.3, direct comparisons with Pandora, MAX-DOAS, and airborne measurements, indicate a median bias of
—17.5% for low columns (4 x 10'® molec. cm~2) and —28% for high columns (15 x 10'> molec. cm~?2). These results align
with those of Verhoelst et al. (2021), who reported biases ranging from —15% to —56% in direct comparisons with MAX-
DOAS across multiple sites worldwide. Similarly, Douros et al. (2023), who also analyze the v1.4 product, find negative biases
for both column ranges, with biases ranging from —31% to —48% for both Pandora and MAX-DOAS comparisons.

Several studies recalculated the air mass factor (AMF) for versions v1.1 to v1.4 using alternative a priori profiles in place of
those from the TM5-MP model (Williams et al., 2017). For example, Griffin et al. (2019) and Zhao et al. (2020) used GEM-
MACH profiles (Moran et al., 2010; Pendlebury et al., 2018); Judd et al. (2020) used NAMCMAQ (Stajner et al., 2011); and
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Tack et al. (2021); Douros et al. (2023); Lange et al. (2023) used CAMS profiles (Colette et al., 2024). In addition, Chan et al.
(2020) and Dimitropoulou et al. (2020) employed vertical profiles derived directly from MAX-DOAS observations. These
adjustments generally lead to less negative, or more positive biases. For low columns, the median bias across these studies is
—6%, and for high columns,—11.5%. Chan et al. (2020) also noted that improving the AMF reduced the bias by up to 17%. In
most of the reported studies, recalculating the AMF reduces the bias, with reductions of 6 to 20% observed in half of the cases.

The same aircraft campaign and TROPOMI product version (v1.3) were used by Tack et al. (2021) and Poraicu et al. (2023).
Tack et al. (2021) reported results based on direct comparisons and using CAMS-based AMFs, while Poraicu et al. (2023)
aligned with our approach, employing the WRF-Chem model as an intercomparison platform and incorporating TROPOMI
averaging kernels. The improvement relative to direct comparison is more pronounced when CAMS-based AMFs are used.
Specifically, applying CAMS AMFs and the model-based method reduces the low-column bias from —11% to 3% and —2%,
respectively. For high columns, the bias improves from —16% to —5% and —14%.

We now turn to the evaluation of TROPOMI products v2.1 to v2.8. Median biases reported in Table 8 for direct comparisons
relative to MAX-DOAS are —30% for low columns and —37% for high columns. These values closely match those reported by
Lambert et al. (2025): —29% for polluted stations (3 to 14 x 10'® molec. cm~2) and —38% for extremely polluted stations (>
15x10* molec. cm~?). Yombo Phaka et al. (2023) recalculated TROPOMI columns using vertical profiles derived from MAX-
DOAS measurements and found a bias reduction of 31% and 6 % of low and high columns, respectively. Similarly, Lambert
et al. (2025) noted that applying TROPOMI averaging kernels to MAX-DOAS vertical profiles leads to a bias reduction by up
to 20%.

Direct comparisons with aircraft campaigns indicate that biases for high columns have decreased with newer TROPOMI
product versions. Using version v1.3, median biases are —14% for low columns and —22% for high columns. In contrast,
for more recent versions (v2.3), we find similar low-column biases (—14.5%), but improved performance for high columns,
with a median bias of —18%. This suggests that product upgrades have slightly improved performance in polluted conditions.
However, incorporating WRF-Chem and TROPOMI averaging kernels has a stronger impact, reducing the biases in version
v2.3 to 5% and —2% for low and high column values, respectively, as shown by Poraicu et al. (2023). Our summertime results
using v2.4 are similar, with very small biases for low and high columns (Table 9). Considering all seasons, overall biases are
—6% for low columns and —13% for high columns in our work.

Finally, we assess the seasonal dependence of the TROPOMI bias. In our study, low-column biases range from —17% to
19% across seasons, while high-column biases range from —1% to —18%. Our summer results (—3% and —1% for low and
high columns, respectively) agree well with the aircraft-based analysis for the PAL v2.3 product of Poraicu et al. (2023), with
differences of 8% or less. Our fall results (19% and —4%) are consistent with those of Dimitropoulou et al. (2020) using
recalculated AMF, with differences within 6%. They are also in line with Lange et al. (2023), showing positive biases for
low columns. However, for high columns in fall, both our study and Lange et al. (2023) report negative biases, a feature
captured by Dimitropoulou et al. (2020) only when using the original AMF. In contrast, winter and spring results show weaker

consistency with Dimitropoulou et al. (2020). However, differences in methodology (notably the use of dual-scan MAX-DOAS
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observations) and in the TROPOMI product version limit direct comparability. This underscores the need for further validation

studies, particularly in winter and spring, where comparable aircraft campaigns are lacking.

5 Conclusions

This study presents an evaluation of tropospheric NO2 over Bucharest, combining high-resolution WRF-Chem simulations
with multiple observational datasets. We assess the WRF-Chem performance against in situ meteorological and surface con-
centration measurements, as well as airborne column observations from SWING+, while independently validating TROPOMI
tropospheric NO2 products using a model-based intercomparison framework. This joint analysis provides insight into both the
modeling capabilities and satellite product validity over a complex and understudied urban environment.

Comparison against surface meteorological variables shows that WRF-Chem reproduces key features of regional meteo-
rology. Across 17 two-day periods, surface pressure, temperature, relative humidity, and solar radiation are well represented,
with mean biases within 1 mbar, 0.5°C, 6%, and 37 W m~2, respectively. Temporal correlation coefficients are higher than
0.95 for pressure, temperature, and radiation, and higher than 0.85 for relative humidity. Wind speed exhibits a positive bias
of 1.0 m s~ !, consistent with previous WRF-Chem studies (Kim et al., 2013; Feng et al., 2016; Poraicu et al., 2023), while
wind direction shows a mean bias below 16°. The temporal correlation for the horizontal wind vector is generally weaker
(r =0.64). On 22/11/2021, a mismatch in wind direction appeared to negatively impact the modeled NOs column evaluation.
Aside from this case, the model successfully captures the meteorological conditions required to support atmospheric chemistry
assessments, using a common configuration and set of parameterizations.

Modeled surface concentrations of NO and NOs exhibit consistent daytime underestimations, concomitant with an overesti-
mation of O3. When restricting the comparison to non-traffic sites, the mean bias remains within —8 g m=2 for both NO and
NOg, accounting for potential interference from NO,, reservoir species. Temporal correlations exceed 0.70 for NO and NOa,
and reach 0.81 for Os, successfully capturing the diurnal and seasonal cycles of all three species. This agreement is improved
for NO and NOs during colder months, and for O3 during warmer periods.

WRF-Chem performs generally well against airborne SWING+ measurements of the tropospheric NOg column. Across 16
selected flight days, it exhibits a mean bias of 0.5 x 10'® molec. cm~? (13%), with correlation coefficients exceeding 0.75 in
9 cases. Seasonal patterns emerge: summer and spring flights show model underestimation of —7% and —26%, respectively,
while fall and winter show positive biases of 24% and 66%. The spring and summer underestimations of NOy columns are
reminiscent of the surface underestimations observed during flight hours. However, a discrepancy arises in fall and winter, as the
surface and SWING+ instruments exhibit opposite biases. Finally, we point to model improvements that could help reconcile
surface and column levels, beyond correcting the emission inventory, and should be evaluated using more observational data. In
particular, vertical mixing (especially in fall and winter) and processes affecting oxidant levels (e.g., volatile organic compounds
and their photochemical oxidation) will require further attention.

The underestimation of WRF-Chem NO and NOy daytime surface levels, along with the small positive bias for NOg

modeled column magnitudes across different flight dates, supports an empirical upscaling of CAMS-REG v7.0 anthropogenic
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NO, emissions over Bucharest. It is also consistent with the documented low bias in CAMS-REG road-traffic NO, emissions
in European cities with respect to independent urban inventories, estimated at approximately —35% (Hohenberger et al., 2025).
The factor of 1.5 was sufficient for our purpose of validating TROPOMI. However, for a more in-depth assessment of the
CAMS-REG inventory, different temporal profiles could be tested (e.g., Guevara et al. (2021)), and the overall magnitude
could be adjusted seasonally using mass-balance inversion techniques (e.g., Cooper et al. (2017); Poraicu et al. (2023)).

TROPOMI tropospheric NOg columns v2.4.0 (RPRO+OFFL) are validated using bias-corrected model columns, with
SWING+ serving as the reference and TROPOMI averaging kernels applied to the model profiles. The linear relationship ex-
pressing the original TROPOMI column, Qr, in terms of its bias-corrected counterpart, 3¢, is given by Q1 = 0.35 4 0.85Q5,
in units of 10'® molec. cm~2. Relative biases vary with column magnitude, ranging from 20% at 10'® molec. cm~2 to —13%
at 15 x 10'® molec. cm~2. A careful treatment of uncertainties from SWING+ observations and the regression method shows
that relative bias errors are large at low column values (approximately 50%), but decrease to within 20% for columns above
4 x 10*® molec. cm~2 and within 15% for columns exceeding 8 x 10'® molec. cm~2. Seasonal analysis reveals greater vari-
ability in biases at the low column values (2 x 10'® molec. cm~2), ranging from —15% in winter to 50% in fall. In contrast,
higher column values (10'® molec. cm~2) exhibit more consistent negative biases, ranging from —18% in spring to 0% in fall.

Overall, our results are in agreement with findings from other validation studies in the literature, particularly when consider-
ing the associated uncertainties and the methodology employed. Our literature review, focusing on studies over polluted areas,
indicates that reported TROPOMI biases for tropospheric NOy columns are predominantly negative. For example, median
biases range between —30% and —37% for NO, tropospheric columns of 4 — 15 x 10'® molec. cm~?2 across studies using
similar TROPOMI product versions (v2.1-v2.3). Good agreement is found with seasonal studies comparing TROPOMI with
aircraft (summer) and MAX-DOAS (fall) measurements, with differences relative to our results below 10%. The scarcity of
seasonal studies and the differences in methodology, however, limit the comparability and highlight the need for more dedi-
cated validation campaigns, particularly in winter and spring. This review also underscores that recalculating air mass factors
or applying TROPOMI averaging kernels often reduces the biases by approximately 5 to 20%, regardless of the version of the
TROPOMI products used.

Appendix A: Reference columns and vertical profiles

In Sect. 3.3.1, we introduced the vertical profile nyw modeled with WRF-Chem, where z is the vertical coordinate. We can write

a general equation to relate it to the true atmospheric profile, denoted by n:
n(z) =on(z) + anw(z), (A1)

where « is an unknown scalar parameter, and dn represents the deviation from linearity. Unlike n and nw, the function dn may

take negative values. At this stage, Eq. (A1) remains too general to be directly informative.
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Formally, integrating the profiles n and nyw over the troposphere (Trop), using the airborne instrument averaging kernels Ag,

defines the bias-exempt and modeled tropospheric columns, Qs and {w s, respectively:

Qs = /As(z)n(z)dz, Qws = /As(z)nw(z)dz. (A2)

Trop Trop

When a linear regression is performed on the datasets {2s and Qw s, we estimate the parameters o and «; that define the

regression line for the estimated values, LR;:
LRy (Qw,s) =ap+a1Qws. (A3)
These parameters can now be used to constrain Eq. (A1) through the following relations:

/ As(z)on(z)dz =y, a=oa;. (A4)

Together with our detailed knowledge of the modeled profile ny, this allows us to construct reference, or bias-corrected,
columns for comparison with another instrument for which a bias must be estimated.
For the satellite instrument, these new modeled columns are denoted Q%f,,T in the main text and are defined using the satellite

averaging kernels Ar:

Q{’,\C,’T = / Ar(z)n(z)dz = / Ar(z)on(z)dz + oy / Ar(2)nw(z)dz. (A5)
Trop Trop Trop
The first term in the expression above can be expanded around oy, while the second corresponds to the definition of Qw 1, as

introduced in the main text:

Owr=a0+ / [A1(z) — As(2)]dn(z)dz + a1 Qwr = LR1 (Qwr) + / [Ar(2) — As(2)]on(z)d=. (A6)
Trop Trop

Unfortunately, the last integral cannot be evaluated without more precise knowledge of n, and thus dn. In general, if the model

performs well, dn remains small in absolute value, and the extra integral can be neglected. In this specific case, we are further

helped by the structure of the integrand: the kernel difference At — Ag places greater weight on altitudes above the aircraft,

where the true and modeled NOs concentrations, and therefore én, are relatively low compared to those in the boundary layer

over polluted urban areas. As a result, the contribution of the extra integral to the overall expression is further suppressed. We

therefore expect this term to be minor, and make the following approximation in the main text:
QW1 =LR1(Qw.r). (AT)

As a side remark, if on is small in absolute value from the ground to the troposphere, then o should also be small. However,

this assumption is stronger than what is required in the main text.
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Appendix B: Errors in TROPOMI bias estimation

In Sect. 3.3.1, we estimate the bias of TROPOMI and its associated uncertainty, denoted by ;. We explain that this uncertainty
is the quadrature sum of the random component from the linear regression, oy r,, and the propagated systematic error from the

SWING+ measurements, o sy multiplied by the slope 3;. For clarity, we repeat its expression here:

Op = 1/0']%1{2 +6%U§,syst' (Bl)

The linear regression LR, presented in Fig. 10 led to the estimation of the intercept and slope parameters, Sy = 0.35 X
10" molec. cm™2 and 3 = 0.85, with respective uncertainties o5, = 0.11 x 10> molec. cm~2 and o5, = 0.04. Additionally,
the covariance between these two estimated parameters must be taken into account: 0,5, = —0.004 x 10'® molec. cm~2. The
regression line was used to predict the TROPOMI column based on a given bias-corrected column 95, which we denote in

this section as € for clarity (in 10'® molec. cm~2). The uncertainty of the predicted value is given by:

O1R, () = \/ogo +204,,Q+ 03, Q2 = /(0.11)% = 0.01Q + (0.040)2. (B2)

For predictor columns € equal to 10'® and 10*® molec. cm~2, the resulting errors are 0.03 x 1015 and 0.42 x 101> molec. cm 2,

respectively.

As explained in Sect. 3.3.1, we assume that the systematic error of SWING+ arises from the total errors on the reference
slant column densities and air mass factors, propagated to the vertical column density 2. These components were presented in
Sect. 2.2.3. The first, denoted here as oy rr, averages to 0.58 x 1015 molec. cm™2 when considering all dates included in the
TROPOMI validation analysis, weighted by the number of columns per date. The second component, os amr, 1S a relative error

of 15.2% on the column 2, consistently applied across all dates.

Ts,sys(Q2) = \/Ug,refr os.amr(Q)? = /(0.58)2 + (0.152)? (B3)

This leads to systematic errors of 0.60 x 10*® and 1.61 x 10*® molec. cm~?2 for predictor columns € equal to 10'° and
10'6 molec. cm™—2, respectively. Multiplying by 3;, we find the corresponding errors propagated to the predicted values:
0.51 x 105 and 1.37 x 10'® molec. cm~2, respectively.

Combining the previous expressions, we obtain the following equation, as presented in the main text:

op(Q) = 1/(0.51)2 = 0.01Q + (0.130)2. (B4)

The errors on the predicted values are 0.52 x 10! and 1.44 x 10'® molec. cm~2 for 2 equal to 10'® and 10'® molec. cm~2,

respectively. Note that most of the error originates from the propagated systematic uncertainty associated with the SWING+

measurements.

Code and data availability. The WRF-Chem model and WPS codes are distributed by NCAR (https://www.mmm.ucar.edu/models/wrf,
last access: 14 January 2026; Skamarock et al., 2019). WRF-Chem processing tools are provided separately (https://www2.acom.ucar.
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edu/wrf-chem/wrf-chem-tools-community, last access: 14 January 2026). Python scripts used for regridding, column calculation, and sta-
tistical analysis are available upon request. Static geographical data used in WRF-Chem are provided by NCAR (https://www2.mmm.
ucar.edu/wrf/users/download/get_sources_wps_geog.html, last access: 14 January 2026). ERAS reanalysis data are distributed via the Cli-
mate Data Store from ECMWEF (https://cds.climate.copernicus.eu/datasets, last access: 14 January 2026; Hersbach et al., 2023a, b). The
CAMS-REG anthropogenic emission inventory is available through the ECCAD catalogue (https://eccad.aeris-data.fr/, last access: 14
January 2026; Kuenen et al., 2022). Meteorological measurements from the MARS station are accessible via the PANGAEA portal
(https://dataportals.pangaea.de/bsrn/stations, last access: 14 January 2026; Carstea et al., 2025). ANM measurements are available upon
request through the MeteoRomania website (https://www.meteoromania.ro/, last access: 14 January 2026). RNMCA in situ measurements
can be downloaded from the CalitateAer website (https://calitateaer.ro/, last access: 14 January 2026). SWING+ measurements are avaible
upon request. TROPOMI NO; column data are available from the Copernicus Data Space (https://dataspace.copernicus.eu/, last access: 14

January 2026).

Author contributions. AP conducted the simulations, prepared the necessary data, performed the comparisons, and wrote the draft of the
paper. JEM and TS conceptualized the project, supervised the work, and aided in the interpretation of results. CP helped with computational
requirements and advised on the simulations. AM and FT provided SWING+ measurements and guidance about their usage. All coauthors

read and commented the manuscript.

Competing interests. The contact author has declared that none of the authors has any competing interests.

Acknowledgements. We thank Anca Nemuc, Sebastian lancu, Dirk Schuettemeyer, Andrea Calcan, and Dragos Ene for their involvment in

the SWING+ campaign, and Raluca Smau for providing meteorological measurements from ANM stations.

Financial support. This work was supported by the Belgian Science Policy Office (BELSPO) through the European Space Agency-funded
PRODEX TROVA-3 project (2024-2026).

35


https://www2.acom.ucar.edu/wrf-chem/wrf-chem-tools-community
https://www2.acom.ucar.edu/wrf-chem/wrf-chem-tools-community
https://www2.mmm.ucar.edu/wrf/users/download/get_sources_wps_geog.html
https://www2.mmm.ucar.edu/wrf/users/download/get_sources_wps_geog.html
https://www2.mmm.ucar.edu/wrf/users/download/get_sources_wps_geog.html
https://cds.climate.copernicus.eu/datasets
https://eccad.aeris-data.fr/
https://dataportals.pangaea.de/bsrn/stations
https://www.meteoromania.ro/
https://calitateaer.ro/
https://dataspace.copernicus.eu/

725

730

735

740

745

750

755

References

Arakawa, A.. The Cumulus Parameterization Problem: Past, Present, and Future, Journal of Climate, 17, 2493 - 2525,
https://doi.org/10.1175/1520-0442, 2004.

Boersma, K. F., Eskes, H. J., Veefkind, J. P., Brinksma, E. J., van der A, R. J., Sneep, M., van den Oord, G. H. J., Levelt, P. F., Stammes,
P, Gleason, J. F.,, and Bucsela, E. J.: Near-real time retrieval of tropospheric NO2 from OMI, Atmospheric Chemistry and Physics, 7,
2103-2118, https://doi.org/10.5194/acp-7-2103-2007, 2007.

Boersma, K. F., Jacob, D. J., Trainic, M., Rudich, Y., De Smedt, I., Dirksen, R., and Eskes, H. J.: Validation of urban NO- concentrations
and their diurnal and seasonal variations observed from the SCIAMACHY and OMI sensors using in situ surface measurements in Israeli
cities, Atmospheric Chemistry and Physics, 9, 3867-3879, https://doi.org/10.5194/acp-9-3867-2009, 2009.

Boggs, P. T., Byrd, R. H., Rogers, J. E., and Schnabel, R. B.: User’s Reference Guide for ODRPACK Version 2.01: Software for Weighted
Orthogonal Distance Regression, Tech. Rep. NISTIR 4834, Computing and Applied Mathematics Laboratory, Applied and Computational
Mathematics Division, National Institute of Standards and Technology, Technology Administration, U.S. Department of Commerce, 1992.

Bovensmann, H., Burrows, J. P, Buchwitz, M., Frerick, J., Nogl, S., Rozanov, V. V., Chance, V., and Goede, A. P. H.: SCITAMACHY: Mission
Objectives and Measurement Modes, Journal of the Atmospheric Sciences, 56, 127-150, https://doi.org/10.1175/1520-0469, 1999.

Burkholder, J. B., Sander, S. P., Abbatt, J., Barker, J. R., Cappa, C., Crounse, J. D., Dibble, T. S., Huie, R. E., Kolb, C. E., Kurylo, M. J.,
Orkin, V. L., Percival, C. J., Wilmouth, D. M., and Wine, P. H.: Chemical Kinetics and Photochemical Data for Use in Atmospheric
Studies, Evaluation No. 19, JPL Publication 19-5, Jet Propulsion Laboratory, http://jpldataeval.jpl.nasa.gov, 2019.

Burrows, J. P., Weber, M., Buchwitz, M., Rozanov, V., Ladstitter-Weilenmayer, A., Richter, A., DeBeek, R., Hoogen, R., Bramstedt, K.,
Eichmann, K.-U., Eisinger, M., and Perner, D.: The Global Ozone Monitoring Experiment (GOME): Mission Concept and First Scientific
Results, Journal of the Atmospheric Sciences, 56, 151-175, https://doi.org/10.1175/1520-0469, 1999.

Cai, K., Li, S., Lai, J., Xia, Y., Wang, Y., Hu, X., and Li, A.: Evaluation of TROPOMI and OMI Tropospheric NO2 Prod-
ucts Using Measurements from MAX-DOAS and State-Controlled Stations in the Jiangsu Province of China, Atmosphere, 13,
https://doi.org/10.3390/atmos 13060886, 2022.

Carstea, E., Fragkos, K., and Pirloaga, S.: Basic measurements of radiation at station Magurele (2021-05 et seq),
https://doi.org/10.1594/PANGAEA.946380, 2025.

Chan, A. W. H., Chan, M. N., Surratt, J. D., Chhabra, P. S., Loza, C. L., Crounse, J. D., Yee, L. D., Flagan, R. C., Wennberg, P. O., and
Seinfeld, J. H.: Role of aldehyde chemistry and NO, concentrations in secondary organic aerosol formation, Atmospheric Chemistry and
Physics, 10, 7169-7188, https://doi.org/10.5194/acp-10-7169-2010, 2010.

Chan, K. L., Wiegner, M., van Geffen, J., De Smedt, I., Alberti, C., Cheng, Z., Ye, S., and Wenig, M.: MAX-DOAS measurements of
tropospheric NO2 and HCHO in Munich and the comparison to OMI and TROPOMI satellite observations, Atmospheric Measurement
Techniques, 13, 4499-4520, https://doi.org/10.5194/amt-13-4499-2020, 2020.

Chin, M., Rood, R. B., Lin, S. J., Miiller, J.-F., and Thompson, A.-M.: Atmospheric sulfur cycle simulated in the global
model GOCART: Model description and global properties, Journal of Geophysical Research Atmospheres, 105, 24 671-24 687,
https://doi.org/10.1029/2000JD900384, copyright: Copyright 2018 Elsevier B.V., All rights reserved., 2000.

Colette, A., Collin, G., Besson, F., Blot, E., Guidard, V., Meleux, F., Royer, A., Petiot, V., Miller, C., Fermond, O., Jeant, A., Adani, M.,
Arteta, J., Benedictow, A., Bergstrom, R., Bowdalo, D., Brandt, J., Briganti, G., Carvalho, A. C., Christensen, J. H., Couvidat, F., D’Elia,
L., D’Isidoro, M., Denier van der Gon, H., Descombes, G., Di Tomaso, E., Douros, J., Escribano, J., Eskes, H., Fagerli, H., Fatahi, Y.,

36


https://doi.org/10.1175/1520-0442
https://doi.org/10.5194/acp-7-2103-2007
https://doi.org/10.5194/acp-9-3867-2009
https://doi.org/10.1175/1520-0469
http://jpldataeval.jpl.nasa.gov
https://doi.org/10.1175/1520-0469
https://doi.org/10.3390/atmos13060886
https://doi.org/10.1594/PANGAEA.946380
https://doi.org/10.5194/acp-10-7169-2010
https://doi.org/10.5194/amt-13-4499-2020
https://doi.org/10.1029/2000JD900384

760

765

770

775

780

785

790

795

Flemming, J., Friese, E., Frohn, L., Gauss, M., Geels, C., Guarnieri, G., Guevara, M., Guion, A., Guth, J., Hinninen, R., Hansen, K., Im,
U., Janssen, R., Jeoffrion, M., Joly, M., Jones, L., Jorba, O., Kadantsev, E., Kahnert, M., Kaminski, J. W., Kouznetsov, R., Kranenburg,
R., Kuenen, J., Lange, A. C., Langner, J., Lannuque, V., Macchia, F., Manders, A., Mircea, M., Nyiri, A., Olid, M., Pérez Garcia-Pando,
C., Palamarchuk, Y., Piersanti, A., Raux, B., Razinger, M., Robertson, L., Segers, A., Schaap, M., Siljamo, P., Simpson, D., Sofiev, M.,
Stangel, A., Struzewska, J., Tena, C., Timmermans, R., Tsikerdekis, T., Tsyro, S., Tyuryakov, S., Ung, A., Uppstu, A., Valdebenito, A.,
van Velthoven, P., Vitali, L., Ye, Z., Peuch, V.-H., and Rouil, L.: Copernicus Atmosphere Monitoring Service — Regional Air Quality
Production System v1.0, EGUsphere, 2024, 1-92, https://doi.org/10.5194/egusphere-2024-3744, 2024.

Cooper, M., Martin, R. V., Padmanabhan, A., and Henze, D. K.: Comparing mass balance and adjoint methods for inverse modeling
of nitrogen dioxide columns for global nitrogen oxide emissions, Journal of Geophysical Research: Atmospheres, 122, 4718-4734,
https://doi.org/https://doi.org/10.1002/2016JD025985, 2017.

de Haan, J. F., Bosma, P. B., and Hovenier, J. W.: The adding method for multiple scattering calculations of polarized light, Astronomy and
Astrophysics, 183, 371-391, 1987.

Denier van der Gon, H., Hendriks, C., Kuenen, J., Segers, A., and Visschedijk, A.: Description of current temporal emission patterns and
sensitivity of predicted AQ for temporal emission patterns, Tech. rep., TNO, Princetonlaan 6, 3584 CB Utrecht, The Netherlands, https:
/latmosphere.copernicus.eu/sites/default/files/2019-07/MACC_TNO_del_1_3_v2.pdf, 2011.

Dimitropoulou, E., Hendrick, F., Pinardi, G., Friedrich, M. M., Merlaud, A., Tack, F., De Longueville, H., Fayt, C., Hermans, C., Laffineur,
Q., Fierens, F., and Van Roozendael, M.: Validation of TROPOMI tropospheric NO2 columns using dual-scan multi-axis differential
optical absorption spectroscopy (MAX-DOAS) measurements in Uccle, Brussels, Atmospheric Measurement Techniques, 13, 5165-5191,
https://doi.org/10.5194/amt-13-5165-2020, 2020.

Douros, J., Eskes, H., van Geffen, J., Boersma, K. F., Compernolle, S., Pinardi, G., Blechschmidt, A.-M., Peuch, V.-H., Colette, A., and
Veefkind, P.: Comparing Sentinel-5SP TROPOMI NO3 column observations with the CAMS regional air quality ensemble, Geoscientific
Model Development, 16, 509-534, https://doi.org/10.5194/gmd-16-509-2023, 2023.

Dudhia, J.: A Multi-Layer Soil Temperature Model for MMS5, Sixth PSU/NCAR Mesoscale Model Users’ Workshop, pp. 49 — 50, 1996.

Emmons, L. K., Walters, S., Hess, P. G., Lamarque, J.-F., Pfister, G. G., Fillmore, D., Granier, C., Guenther, A., Kinnison, D., Laepple, T.,
Orlando, J., Tie, X., Tyndall, G., Wiedinmyer, C., Baughcum, S. L., and Kloster, S.: Description and evaluation of the Model for Ozone and
Related chemical Tracers, version 4 (MOZART-4), Geoscientific Model Development, 3, 43—67, https://doi.org/10.5194/gmd-3-43-2010,
2010.

Eskes, H., van Geffen, J., Boersma, F., Eichmann, K.-U., Apituley, A., Pedergnana, M., Sneep, M., Veefkind, J. P., and Loyola, D.: Sentinel-
5 precursor/TROPOMI Level 2 Product User Manual Nitrogendioxide, Tech. Rep. SSP-KNMI-L2-0021-MA 4.4.0, Royal Netherlands
Meteorological Institute, 2024.

European Environment Agency: Air quality in Europe 2022, 05, ISBN 9789294805157, https://doi.org/10.2800/488115, 2022.

Fairall, C. W., Bradley, E. F,, Hare, J. E., Grachev, A. A., and Edson, J. B.: Bulk Parameterization of Air—Sea Fluxes: Updates and Verification
for the COARE Algorithm, Journal of Climate, 16, 571 — 591, https://doi.org/10.1175/1520-0442, 2003.

Feng, S., Lauvaux, T., Newman, S., Rao, P., Ahmadov, R., Deng, A., Diaz-Isaac, L. 1., Duren, R. M., Fischer, M. L., Gerbig, C., Gurney,
K. R., Huang, J., Jeong, S., Li, Z., Miller, C. E., O’Keeffe, D., Patarasuk, R., Sander, S. P., Song, Y., Wong, K. W., and Yung, Y. L.: Los
Angeles megacity: a high-resolution land—atmosphere modelling system for urban CO> emissions, Atmospheric Chemistry and Physics,

16, 9019-9045, https://doi.org/10.5194/acp-16-9019-2016, 2016.

37


https://doi.org/10.5194/egusphere-2024-3744
https://doi.org/https://doi.org/10.1002/2016JD025985
https://atmosphere.copernicus.eu/sites/default/files/2019-07/MACC_TNO_del_1_3_v2.pdf
https://atmosphere.copernicus.eu/sites/default/files/2019-07/MACC_TNO_del_1_3_v2.pdf
https://atmosphere.copernicus.eu/sites/default/files/2019-07/MACC_TNO_del_1_3_v2.pdf
https://doi.org/10.5194/amt-13-5165-2020
https://doi.org/10.5194/gmd-16-509-2023
https://doi.org/10.5194/gmd-3-43-2010
https://doi.org/10.2800/488115
https://doi.org/10.1175/1520-0442
https://doi.org/10.5194/acp-16-9019-2016

800

805

810

815

820

825

830

Gettelman, A., Mills, M. J., Kinnison, D. E., Garcia, R. R., Smith, A. K., Marsh, D. R., Tilmes, S., Vitt, F., Bardeen, C. G., Mclnerny, J., Liu,
H.-L., Solomon, S. C., Polvani, L. M., Emmons, L. K., Lamarque, J.-F., Richter, J. H., Glanville, A. S., Bacmeister, J. T., Phillips, A. S.,
Neale, R. B., Simpson, I. R., DuVivier, A. K., Hodzic, A., and Randel, W. J.: The Whole Atmosphere Community Climate Model Version
6 (WACCMO), Journal of Geophysical Research: Atmospheres, 124, 12 380—12 403, https://doi.org/10.1029/2019JD030943, 2019.

Grell, G. A. and Freitas, S. R.: A scale and aerosol aware stochastic convective parameterization for weather and air quality modeling,
Atmospheric Chemistry and Physics, 14, 5233-5250, https://doi.org/10.5194/acp-14-5233-2014, 2014.

Grell, G. A., Peckham, S. E., Schmitz, R., McKeen, S. A., Frost, G., Skamarock, W. C., and Eder, B.: Fully coupled “online” chemistry
within the WRF model, Atmospheric Environment, 39, 6957-6975, https://doi.org/https://doi.org/10.1016/j.atmosenv.2005.04.027, 2005.

Griffin, D., Zhao, X., McLinden, C. A., Boersma, F., Bourassa, A., Dammers, E., Degenstein, D., Eskes, H., Fehr, L., Fioletov, V., Hayden,
K., Kharol, S. K., Li, S.-M., Makar, P., Martin, R. V., Mihele, C., Mittermeier, R. L., Krotkov, N., Sneep, M., Lamsal, L. N., ter Linden, M.,
van Geffen, J., Veefkind, P., and Wolde, M.: High-Resolution Mapping of Nitrogen Dioxide With TROPOMI: First Results and Validation
Over the Canadian Oil Sands, Geophysical Research Letters, 46, 1049-1060, https://doi.org/https://doi.org/10.1029/2018 GL081095, 2019.

Guenther, A., Karl, T., Harley, P., Wiedinmyer, C., Palmer, P. 1., and Geron, C.: Estimates of global terrestrial isoprene emissions
using MEGAN (Model of Emissions of Gases and Aerosols from Nature), Atmospheric Chemistry and Physics, 6, 3181-3210,
https://doi.org/10.5194/acp-6-3181-2006, 2006.

Guevara, M., Jorba, O., Tena, C., Denier van der Gon, H., Kuenen, J., Elguindi, N., Darras, S., Granier, C., and Pérez Garcia-Pando, C.:
Copernicus Atmosphere Monitoring Service TEMPOral profiles (CAMS-TEMPO): global and European emission temporal profile maps
for atmospheric chemistry modelling, Earth System Science Data, 13, 367—404, https://doi.org/10.5194/essd-13-367-2021, 2021.

Herman, J., Cede, A., Spinei, E., Mount, G., Tzortziou, M., and Abuhassan, N.: NO2 column amounts from ground-based Pandora and MF-
DOAS spectrometers using the direct-sun DOAS technique: Intercomparisons and application to OMI validation, Journal of Geophysical
Research: Atmospheres, 114, https://doi.org/10.1029/2009JD011848, 2009.

Hersbach, H., Bell, B., Berrisford, P., Biavati, G., Hordnyii, A., Mufioz Sabater, J., Nicolas, J., Peubey, C., Radu, R., Rozum, 1., Schepers,
D., Simmons, A., Soci, C., Dee, D., and Thépaut, J.-N.: ERAS hourly data on pressure levels from 1940 to present, Copernicus Climate
Change Service (C3S) Climate Data Store (CDS), https://doi.org/10.24381/cds.bd0915¢c6 (last accessed: ), 2023a.

Hersbach, H., Bell, B., Berrisford, P., Biavati, G., Hordnyii, A., Mufioz Sabater, J., Nicolas, J., Peubey, C., Radu, R., Rozum, 1., Schepers, D.,
Simmons, A., Soci, C., Dee, D., and Thépaut, J.-N.: ERAS hourly data on single levels from 1940 to present, Copernicus Climate Change
Service (C3S) Climate Data Store (CDS), https://doi.org/10.24381/cds.adbb2d47 (last accessed: ), 2023b.

Hohenberger, T. L., Malki, M. E., Visschedijk, A., Guevara, M., Ramacher, P., Marongiu, A., Lanzani, G. G., Fossati, G., Kousa, A., Athana-
sopoulou, E., Kakouri, A., and Kuenen, J.: Link-based European road transport emissions for CAMS-REG v8.1 and a comparison to city
inventories, Earth System Science Data Discussions, 2025, 1-28, https://doi.org/10.5194/essd-2025-428, 2025.

Hong, S.-Y., Noh, Y., and Dudhia, J.: A New Vertical Diffusion Package with an Explicit Treatment of Entrainment Processes, Monthly
Weather Review, 134, 2318 — 2341, https://doi.org/10.1175/MWR3199.1, 2006.

Honninger, G., von Friedeburg, C., and Platt, U.: Multi axis differential optical absorption spectroscopy (MAX-DOAS), Atmospheric Chem-
istry and Physics, 4, 231-254, https://doi.org/10.5194/acp-4-231-2004, 2004.

Iacono, M. J., Delamere, J. S., Mlawer, E. J., Shephard, M. W., Clough, S. A., and Collins, W. D.: Radiative forcing by long-
lived greenhouse gases: Calculations with the AER radiative transfer models, Journal of Geophysical Research: Atmospheres, 113,

https://doi.org/10.1029/2008JD009944, 2008.

38


https://doi.org/10.1029/2019JD030943
https://doi.org/10.5194/acp-14-5233-2014
https://doi.org/https://doi.org/10.1016/j.atmosenv.2005.04.027
https://doi.org/https://doi.org/10.1029/2018GL081095
https://doi.org/10.5194/acp-6-3181-2006
https://doi.org/10.5194/essd-13-367-2021
https://doi.org/10.1029/2009JD011848
https://doi.org/10.24381/cds.bd0915c6 (last accessed: )
https://doi.org/10.24381/cds.adbb2d47 (last accessed: )
https://doi.org/10.5194/essd-2025-428
https://doi.org/10.1175/MWR3199.1
https://doi.org/10.5194/acp-4-231-2004
https://doi.org/10.1029/2008JD009944

835

840

845

850

855

860

865

870

Ilie, A., Vasilescu, J., Talianu, C., Ioja, C., and Nemuc, A.: Spatiotemporal Variability of Urban Air Pollution in Bucharest City, Atmosphere,
14, https://doi.org/10.3390/atmos 14121759, 2023.

Iriza, A., Stefan, S., and Dumitrache, R.: Numerical Simulation of the Bucharest Urban Heat Island with the WRF Modelling System Using
Different Land-Use Data, Romanian Journal of Physics, 62, 2017.

Jiménez, P. A., Dudhia, J., Gonzdlez-Rouco, J. F., Navarro, J., Montdvez, J. P., and Garcia-Bustamante, E.: A Revised Scheme for the WRF
Surface Layer Formulation, Monthly Weather Review, 140, 898 — 918, https://doi.org/10.1175/MWR-D-11-00056.1, 2012.

Johnson, M. S., Souri, A. H., Philip, S., Kumar, R., Naeger, A., Geddes, J., Judd, L., Janz, S., Chong, H., and Sullivan, J.: Satellite
remote-sensing capability to assess tropospheric-column ratios of formaldehyde and nitrogen dioxide: case study during the Long Is-
land Sound Tropospheric Ozone Study 2018 (LISTOS 2018) field campaign, Atmospheric Measurement Techniques, 16, 2431-2454,
https://doi.org/10.5194/amt-16-2431-2023, 2023.

Judd, L. M., Al-Saadi, J. A., Szykman, J. J., Valin, L. C., Janz, S. J., Kowalewski, M. G., Eskes, H. J., Veefkind, J. P., Cede, A., Mueller, M.,
Gebetsberger, M., Swap, R., Pierce, R. B., Nowlan, C. R., Abad, G. G., Nehrir, A., and Williams, D.: Evaluating Sentinel-5SP TROPOMI
tropospheric NO2 column densities with airborne and Pandora spectrometers near New York City and Long Island Sound, Atmospheric
Measurement Techniques, 13, 6113—-6140, https://doi.org/10.5194/amt-13-6113-2020, 2020.

Kim, Y., Sartelet, K., Raut, J.-C., and P., C.: Evaluation of the Weather Research and Forecast/Urban Model Over Greater Paris, Boundary-
Layer Meteorology, pp. 105 — 132, https://doi.org/10.1007/s10546-013-9838-6, 2013.

Kuenen, J., Dellaert, S., Visschedijk, A., Jalkanen, J.-P., Super, 1., and Denier van der Gon, H.: CAMS-REG-v4: a state-of-the-art high-
resolution European emission inventory for air quality modelling, Earth System Science Data, 14, 491-515, https://doi.org/10.5194/essd-
14-491-2022, 2022.

Kuhn, L., Beirle, S., Kumar, V., Osipov, S., Pozzer, A., Bosch, T., Kumar, R., and Wagner, T.: On the influence of vertical mixing, boundary
layer schemes, and temporal emission profiles on tropospheric NO2 in WRF-Chem — comparisons to in situ, satellite, and MAX-DOAS
observations, Atmospheric Chemistry and Physics, 24, 185-217, https://doi.org/10.5194/acp-24-185-2024, 2024.

Lambert, J.-C., Keppens, A., Compernolle, S., Eichmann, K.-U., de Graaf, M., Hubert, D., Langerock, B., Sha, M. K., van der Plas, E.,
Verhoelst, T., Wagner, T., Ahn, C., Argyrouli, A., Balis, D., Chan, K. L., Coldewey-Egbers, M., De Smedt, 1., Eskes, H., Fjeraa, A. M.,
Garane, K., Gleason, J. F., Granville, J., Hedelt, P., Heue, K.-P., Jaross, G., Koukouli, M. L., Loots, E., Lutz, R., Martinez Velarte, M.,
Michailidis, K., Pseftogkas, A., Nanda, S., Niemeijer, S., Pazmifio, A., Pinardi, G., Richter, A., Rozemeijer, N., Sneep, M., Stein Zweers,
D., Theys, N., Tilstra, G., Torres, O., Valks, P., van Geffen, J., Vigouroux, C., Wang, P., and Weber, M.: Quarterly Validation Report of
the Copernicus Sentinel-5 Precursor Operational Data Products, Issue 26: April 2018 — February 2025, SSP MPC Routine Operations
Consolidated Validation Report series, 2025.

Lamsal, L. N., Martin, R. V., van Donkelaar, A., Steinbacher, M., Celarier, E. A., Bucsela, E., Dunlea, E. J., and Pinto, J. P.: Ground-
level nitrogen dioxide concentrations inferred from the satellite-borne Ozone Monitoring Instrument, Journal of Geophysical Research:
Atmospheres, 113, https://doi.org/10.1029/2007JD009235, 2008.

Lange, K., Richter, A., Schonhardt, A., Meier, A. C., Bosch, T., Seyler, A., Krause, K., Behrens, L. K., Wittrock, F., Merlaud, A., Tack,
F., Fayt, C., Friedrich, M. M., Dimitropoulou, E., Van Roozendael, M., Kumar, V., Donner, S., Dorner, S., Lauster, B., Razi, M., Borger,
C., Uhlmannsiek, K., Wagner, T., Ruhtz, T., Eskes, H., Bohn, B., Santana Diaz, D., Abuhassan, N., Schiittemeyer, D., and Burrows,
J. P.: Validation of Sentinel-5P TROPOMI tropospheric NO2 products by comparison with NO2 measurements from airborne imaging
DOAS, ground-based stationary DOAS, and mobile car DOAS measurements during the S5P-VAL-DE-Ruhr campaign, Atmospheric
Measurement Techniques, 16, 13571389, https://doi.org/10.5194/amt-16-1357-2023, 2023.

39


https://doi.org/10.3390/atmos14121759
https://doi.org/10.1175/MWR-D-11-00056.1
https://doi.org/10.5194/amt-16-2431-2023
https://doi.org/10.5194/amt-13-6113-2020
https://doi.org/10.1007/s10546-013-9838-6
https://doi.org/10.5194/essd-14-491-2022
https://doi.org/10.5194/essd-14-491-2022
https://doi.org/10.5194/essd-14-491-2022
https://doi.org/10.5194/acp-24-185-2024
https://doi.org/10.1029/2007JD009235
https://doi.org/10.5194/amt-16-1357-2023

875

880

885

890

895

900

905

Laughner, J. L. and Cohen, R. C.: Direct observation of changing NOy lifetime in North American cities, Science, 366, 723-727,
https://doi.org/10.1126/science.aax6832, 2019.

Levelt, P. F., van den Oord, G. H. J., Dobber, M. R., Milkki, A., Visser, H., de Vries, J., Stammes, P., Lundell, J. O. V., and Saari, H.: The
Ozone Monitoring Instrument, IEEE T. Geosci. Remote, 44, 1093—1101, https://doi.org/doi.org/10.1109/TGRS.2006.872333, 2006.

Lin, X., van der A, R., de Laat, J., Huijnen, V., Mijling, B., Ding, J., Eskes, H., Douros, J., Liu, M., Zhang, X., and Liu, Z.: European
Soil NO, Emissions Derived From Satellite NO2 Observations, Journal of Geophysical Research: Atmospheres, 129, €2024JD041 492,
https://doi.org/10.1029/2024JD041492, 2024.

Maco, B. A, Ionac, N., and Tudorache, G.: Numerical prognosis of dispersion and transport of pollutants in Romania, based on emissions
of pollutants, Present Environment and Sustainable Development, 1, 191-200, https://doi.org/10.2478/pesd-2019-0015, 2019.

Mayer, B. and Kylling, A.: Technical note: The libRadtran software package for radiative transfer calculations - description and examples of
use, Atmospheric Chemistry and Physics, 5, 1855—1877, https://doi.org/10.5194/acp-5-1855-2005, 2005.

Merlaud, A., Tack, F., Constantin, D., Georgescu, L., Maes, J., Fayt, C., Mingireanu, F., Schuettemeyer, D., Meier, A. C., Schonardt, A.,
Ruhtz, T., Bellegante, L., Nicolae, D., Den Hoed, M., Allaart, M., and Van Roozendael, M.: The Small Whiskbroom Imager for atmo-
spheric compositioN monitorinG (SWING) and its operations from an unmanned aerial vehicle (UAV) during the AROMAT campaign,
Atmospheric Measurement Techniques, 11, 551-567, https://doi.org/10.5194/amt-11-551-2018, 2018.

Merlaud, A., Belegante, L., Constantin, D.-E., Den Hoed, M., Meier, A. C., Allaart, M., Ardelean, M., Arseni, M., Bosch, T., Brenot,
H., Calcan, A., Dekemper, E., Donner, S., Dorner, S., Balanica Dragomir, M. C., Georgescu, L., Nemuc, A., Nicolae, D., Pinardi, G.,
Richter, A., Rosu, A., Ruhtz, T., Schonhardt, A., Schuettemeyer, D., Shaiganfar, R., Stebel, K., Tack, F., Nicolae Vajaiac, S., Vasilescu,
J., Vanhamel, J., Wagner, T., and Van Roozendael, M.: Satellite validation strategy assessments based on the AROMAT campaigns,
Atmospheric Measurement Techniques, 13, 5513-5535, https://doi.org/10.5194/amt-13-5513-2020, 2020.

Moran, M., Ménard, S., Talbot, D., Huang, P., Makar, P, Gong, W., Landry, H., Gravel, S., Gong, S., Crevier, L., and A., K.: Particulate-matter
forecasting with GEM-MACH]15, a new Canadian air-quality forecast model, Steyn, DG and Rao, ST, Springer, pp. 289-292, 2010.

Morrison, H., Thompson, G., and Tatarskii, V.: Impact of Cloud Microphysics on the Development of Trailing Stratiform Precipi-
tation in a Simulated Squall Line: Comparison of One- and Two-Moment Schemes, Monthly Weather Review, 137, 991 — 1007,
https://doi.org/10.1175/2008MWR2556.1, 20009.

Nemuc, A., Andrei, S., Vasilescu, J., Belegante, L., Constantin, D., lancu, S., Radu, C., Piroloaga, R., Merlaud, A., Ilie, A., and Nicolae,
D.: Final report, RAMOS, Technical Assistance for a Romanian Atmospheric Mobile Observation System, Tech. rep., European Space
Agency, 2023.

Nemuc, A., Schonardt, A., Lange, K., Richter, A., Ruhtz, T., Hase, F., Sha, M., D’Amato, F., Tack, F., and Iancu, S.: Final report, QA4EQO,
Atmospheric Composition Uncertainty Field Studies, Tech. rep., European Space Agency, 2024.

Pendlebury, D., Gravel, S., Moran, M. D., and Lupu, A.: Impact of chemical lateral boundary conditions in a regional air
quality forecast model on surface ozone predictions during stratospheric intrusions, Atmospheric Environment, 174, 148-170,
https://doi.org/10.1016/j.atmosenv.2017.10.052, 2018.

Platt, U. and Stutz, J.: Differential Optical Absorption Spectroscopy: Principles and Applications, Physics of Earth and Space Environments,
Springer, Berlin, 2008.

Poraicu, C., Miiller, J.-F., Stavrakou, T., Fonteyn, D., Tack, F., Deutsch, F., Laffineur, Q., Van Malderen, R., and Veldeman, N.: Cross-
evaluating WRF-Chem v4.1.2, TROPOMI, APEX, and in situ NO2 measurements over Antwerp, Belgium, Geoscientific Model Develop-
ment, 16, 479-508, https://doi.org/10.5194/gmd-16-479-2023, 2023.

40


https://doi.org/10.1126/science.aax6832
https://doi.org/doi.org/10.1109/TGRS.2006.872333
https://doi.org/10.1029/2024JD041492
https://doi.org/10.2478/pesd-2019-0015
https://doi.org/10.5194/acp-5-1855-2005
https://doi.org/10.5194/amt-11-551-2018
https://doi.org/10.5194/amt-13-5513-2020
https://doi.org/10.1175/2008MWR2556.1
https://doi.org/10.1016/j.atmosenv.2017.10.052
https://doi.org/10.5194/gmd-16-479-2023

910

915

920

925

930

935

940

945

Poraicu, C., Miiller, J.-F., Stavrakou, T., Amelynck, C., Verreyken, B. W. D., Schoon, N., Vigouroux, C., Kumps, N., Brioude, J., Tulet, P.,
and Mouchel-Vallon, C.: Constraining the budget of NOx and VOCs at a remote Tropical island using multi-platform observations and
WRF-Chem model simulations, EGUsphere, 2025, 1-72, https://doi.org/10.5194/egusphere-2024-3555, 2025.

Price, C. and Rind, D.: A simple lightning parameterization for calculating global lightning distributions, Journal of Geophysical Research:
Atmospheres, 97, 9919-9933, https://doi.org/10.1029/92JD00719, 1992.

Schaaf, C. and Wang, Z.: MCD43A3 MODIS/Terra+ Aqua BRDF/Albedo Daily L3 Global - 500m V006, NASA Land Processes Distributed
Active Archive Center, https://doi.org/10.5067/MODIS/MCD43A3.006, 2015.

Seinfeld, J. H. and Pandis, S. N.: Atmospheric Chemistry and Physics: From Air Pollution to Climate Change, 3rd Edition, John Wiley and
Sons, New York, ISBN 978-1-118-94740-1, 2016.

Sen, P. K.: Estimates of the Regression Coefficient Based on Kendall’s Tau, Journal of the American Statistical Association, 63, 13791389,
https://doi.org/10.1080/01621459.1968.10480934, 1968.

Sillman, S., Logan, J. A., and Wofsy, S. C.: The sensitivity of ozone to nitrogen oxides and hydrocarbons in regional ozone episodes, Journal
of Geophysical Research: Atmospheres, 95, 1837-1851, https://doi.org/10.1029/JD095iD02p01837, 1990.

Skamarock, W., Klemp, J., Dudhia, J., Gill, D. O., Liu, Z., Berner, J., Wang, W., Powers, J. G., Duda, M. G., Barker, D., and Huang, X.-Y.:
A Description of the Advanced Research WRF Model Version 4.1, Tech. rep., https://doi.org/10.5065/1dth-6p97, 2019.

Stajner, 1., Davidson, P., Byun, D., McQueen, J., Draxler, R., Dickerson, P., and Meagher, J.: US National Air Quality Forecast Capability:
Expanding Coverage to Include Particulate Matter, Air Pollution Modeling and its Application XXI, Springer, pp. 379-384, 2011.

Stammes, P.: Spectral radiance modeling in the UV-visible range, IRS 2000: Current Problems in Atmospheric Radiation, pp. 385-388, 2001.

Tack, F., Merlaud, A., Meier, A. C., Vlemmix, T., Ruhtz, T., lordache, M.-D., Ge, X., van der Wal, L., Schuettemeyer, D., Ardelean, M.,
Calcan, A., Constantin, D., Schonhardt, A., Meuleman, K., Richter, A., and Van Roozendael, M.: Intercomparison of four airborne imaging
DOAS systems for tropospheric NO2 mapping — the AROMAPEX campaign, Atmospheric Measurement Techniques, 12, 211-236,
https://doi.org/10.5194/amt-12-211-2019, 2019.

Tack, F., Merlaud, A., Iordache, M.-D., Pinardi, G., Dimitropoulou, E., Eskes, H., Bomans, B., Veefkind, P., and Van Roozendael, M.:
Assessment of the TROPOMI tropospheric NO product based on airborne APEX observations, Atmospheric Measurement Techniques,
14, 615-646, https://doi.org/10.5194/amt-14-615-2021, 2021.

Talianu, C., Vasilescu, J., Nicolae, D., Ilie, A., Dandocsi, A., Nemuc, A., and Belegante, L.: High-resolution air quality maps for Bucharest
using Mixed-Effects Modeling Framework, EGUsphere, 2024, 1-24, https://doi.org/10.5194/egusphere-2024-2930, 2024.

Theil, H.: A rank-invariant method of linear and polynomial regression analysis III, Nederl. Akad. Wetensch. Proc., 53, 1397-1412, https:
/Iwww.nrc.gov/docs/ML1330/ML13304B799.pdf, 1950.

van der A, R. J., Ding, J., and Eskes, H.: Monitoring European anthropogenic NO, emissions from space, Atmospheric Chemistry and
Physics, 24, 7523-7534, https://doi.org/10.5194/acp-24-7523-2024, 2024.

van Geffen, J., Boersma, K. F., Eskes, H., Sneep, M., ter Linden, M., Zara, M., and Veefkind, J. P.. SSP TROPOMI NO. slant col-
umn retrieval: method, stability, uncertainties and comparisons with OMI, Atmospheric Measurement Techniques, 13, 1315-1335,
https://doi.org/10.5194/amt-13-1315-2020, 2020.

van Geffen, J., Eskes, H., Compernolle, S., Pinardi, G., Verhoelst, T., Lambert, J.-C., Sneep, M., ter Linden, M., Ludewig, A., Boersma,
K. F.,, and Veefkind, J. P.: Sentinel-5P TROPOMI NO; retrieval: impact of version v2.2 improvements and comparisons with OMI and
ground-based data, Atmospheric Measurement Techniques, 15, 2037-2060, https://doi.org/10.5194/amt-15-2037-2022, 2022.

41


https://doi.org/10.5194/egusphere-2024-3555
https://doi.org/10.1029/92JD00719
https://doi.org/10.5067/MODIS/MCD43A3.006
https://doi.org/10.1080/01621459.1968.10480934
https://doi.org/10.1029/JD095iD02p01837
https://doi.org/10.5065/1dfh-6p97
https://doi.org/10.5194/amt-12-211-2019
https://doi.org/10.5194/amt-14-615-2021
https://doi.org/10.5194/egusphere-2024-2930
https://www.nrc.gov/docs/ML1330/ML13304B799.pdf
https://www.nrc.gov/docs/ML1330/ML13304B799.pdf
https://www.nrc.gov/docs/ML1330/ML13304B799.pdf
https://doi.org/10.5194/acp-24-7523-2024
https://doi.org/10.5194/amt-13-1315-2020
https://doi.org/10.5194/amt-15-2037-2022

950

955

960

965

970

975

980

van Geffen, J. H. G. M., Eskes, H. J., Boersma, K. F., and Veefkind, J. P.. TROPOMI ATBD of the total and tropospheric NO2 data products,
Tech. Rep. S5P-KNMI-L2-0005-RP 2.8.0, Royal Netherlands Meteorological Institute, 2024.

Veefkind, J., Aben, 1., McMullan, K., Forster, H., de Vries, J., Otter, G., Claas, J., Eskes, H., de Haan, J., Kleipool, Q., van
Weele, M., Hasekamp, O., Hoogeveen, R., Landgraf, J., Snel, R., Tol, P, Ingmann, P., Voors, R., Kruizinga, B., Vink, R.,
Visser, H., and Levelt, P.. TROPOMI on the ESA Sentinel-5 Precursor: A GMES mission for global observations of the at-
mospheric composition for climate, air quality and ozone layer applications, Remote Sensing of Environment, 120, 70-83,
https://doi.org/https://doi.org/10.1016/j.rse.2011.09.027, the Sentinel Missions - New Opportunities for Science, 2012.

Verhoelst, T., Compernolle, S., Pinardi, G., Lambert, J.-C., Eskes, H. J., Eichmann, K.-U., Fjeraa, A. M., Granville, J., Niemeijer, S., Cede,
A., Tiefengraber, M., Hendrick, F., Pazmifio, A., Bais, A., Bazureau, A., Boersma, K. F., Bognar, K., Dehn, A., Donner, S., Elokhov,
A., Gebetsberger, M., Goutail, F., Grutter de la Mora, M., Gruzdev, A., Gratsea, M., Hansen, G. H., Irie, H., Jepsen, N., Kanaya, Y.,
Karagkiozidis, D., Kivi, R., Kreher, K., Levelt, P. F.,, Liu, C., Miiller, M., Navarro Comas, M., Piters, A. J. M., Pommereau, J.-P., Portafaix,
T., Prados-Roman, C., Puentedura, O., Querel, R., Remmers, J., Richter, A., Rimmer, J., Rivera Cardenas, C., Saavedra de Miguel, L.,
Sinyakov, V. P, Stremme, W., Strong, K., Van Roozendael, M., Veetkind, J. P., Wagner, T., Wittrock, F., Yela Gonzélez, M., and Zehner,
C.: Ground-based validation of the Copernicus Sentinel-5SP TROPOMI NO; measurements with the NDACC ZSL-DOAS, MAX-DOAS
and Pandonia global networks, Atmospheric Measurement Techniques, 14, 481-510, https://doi.org/10.5194/amt-14-481-2021, 2021.

Wilcox, R.: Fundamentals of Modern Statistical Methods: Substantially Improving Power and Accuracy, Springer, New York, NY,
https://doi.org/10.1007/978-1-4419-5525-8, 2010.

Williams, J. E., Boersma, K. F., Le Sager, P, and Verstracten, W. W.: The high-resolution version of TM5-MP for optimized satellite
retrievals: description and validation, Geoscientific Model Development, 10, 721750, https://doi.org/10.5194/gmd-10-721-2017, 2017.
World Health Organization: WHO global air quality guidelines: Particulate matter (PM2 5 and PM¢), ozone, nitrogen dioxide, sulfur dioxide

and carbon monoxide, ISBN 9789240034228, 2021.

Yombo Phaka, R., Merlaud, A., Pinardi, G., Friedrich, M. M., Van Roozendael, M., Miiller, J.-F., Stavrakou, T., De Smedt, 1., Hendrick, F.,
Dimitropoulou, E., Bopili Mbotia Lepiba, R., Phuku Phuati, E., Djibi, B. L., Jacobs, L., Fayt, C., Mbungu Tsumbu, J.-P., and Mahieu,
E.: Ground-based Multi-AXis Differential Optical Absorption Spectroscopy (MAX-DOAS) observations of NO2 and HoCO at Kinshasa
and comparisons with TROPOMI observations, Atmospheric Measurement Techniques, 16, 5029-5050, https://doi.org/10.5194/amt-16-
5029-2023, 2023.

Zhao, X., Griffin, D., Fioletov, V., McLinden, C., Cede, A., Tiefengraber, M., Miiller, M., Bognar, K., Strong, K., Boersma, F., Eskes, H.,
Davies, J., Ogyu, A., and Lee, S. C.: Assessment of the quality of TROPOMI high-spatial-resolution NO» data products in the Greater
Toronto Area, Atmospheric Measurement Techniques, 13, 2131-2159, https://doi.org/10.5194/amt-13-2131-2020, 2020.

Zhu, L., Jacob, D. J., Kim, P. S, Fisher, J. A., Yu, K., Travis, K. R., Mickley, L. J., Yantosca, R. M., Sulprizio, M. P., De Smedt, I.,
Gonzélez Abad, G., Chance, K., Li, C., Ferrare, R., Fried, A., Hair, J. W., Hanisco, T. F., Richter, D., Jo Scarino, A., Walega, J., Weibring,
P., and Wolfe, G. M.: Observing atmospheric formaldehyde (HCHO) from space: validation and intercomparison of six retrievals from
four satellites (OMI, GOME2A, GOME2B, OMPS) with SEAC*RS aircraft observations over the southeast US, Atmospheric Chemistry
and Physics, 16, 13 477-13 490, https://doi.org/10.5194/acp-16-13477-2016, 2016.

Zhu, L., Gonzdlez Abad, G., Nowlan, C. R., Chan Miller, C., Chance, K., Apel, E. C., DiGangi, J. P, Fried, A., Hanisco, T. F., Horn-
brook, R. S., Hu, L., Kaiser, J., Keutsch, F. N., Permar, W., St. Clair, J. M., and Wolfe, G. M.: Validation of satellite formalde-
hyde (HCHO) retrievals using observations from 12 aircraft campaigns, Atmospheric Chemistry and Physics, 20, 12329-12345,
https://doi.org/10.5194/acp-20-12329-2020, 2020.

42


https://doi.org/https://doi.org/10.1016/j.rse.2011.09.027
https://doi.org/10.5194/amt-14-481-2021
https://doi.org/10.1007/978-1-4419-5525-8
https://doi.org/10.5194/gmd-10-721-2017
https://doi.org/10.5194/amt-16-5029-2023
https://doi.org/10.5194/amt-16-5029-2023
https://doi.org/10.5194/amt-16-5029-2023
https://doi.org/10.5194/amt-13-2131-2020
https://doi.org/10.5194/acp-16-13477-2016
https://doi.org/10.5194/acp-20-12329-2020

