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ABSTRACT

This study builds upon the findings of a FAIRMODE intercomparison exercise conducted in a district of Antwerp,
Belgium, where a comprehensive dataset of air pollutant measurements (air quality stations and passive sam-
plers) was available. Long-term average NO, concentrations at very high spatial resolution were estimated by
several dispersion modelling systems (Martin et al., 2024) to investigate the ability of these to capture the
detailed spatial distribution of NO, concentrations at the microscale in urban environments. In this follow-up
research, we extend the analysis by evaluating the capability of these modelling systems to predict the NOy
annual limit value exceedance areas (LVEAs) and spatial representativeness areas (SRAs) for NO: at two refer-
ence air quality stations. The different modelling approaches used are based on CFD, Lagrangian, Gaussian, and
Al-driven models.

The different modelling approaches are generally good at predicting the LVEA and SRAs of urban air quality
stations, although a small SRA (corresponding to low concentration tolerances or the traffic station) is more
difficult to predict correctly. However, there are notable differences in performance among the modelling sys-
tems. Those based on CFD models seem to provide more consistent results predicting LVEAs and SRAs. Then,
lower accuracy is obtained with Al-based systems, Lagrangian models, and Gaussian models with street canyon
parameterizations. The Gaussian models with street-canyon parametrizations show significantly better results
than models using simply a Gaussian dispersion parametrization.

Furthermore, little differences are observed in most of the statistical indicators corresponding to the LVEA and
SRA estimates obtained from the unsteady full month CFD simulations compared to those from the scenario-
based CFD simulation methodologies, but there are some noticeable differences in the LVEA or SRA (traffic
station, 10 % tolerance) sizes. The number of scenarios does not seem to be relevant to the results. Different bias

correction methodologies are explored.

1. Introduction

The European Union (EU) has established a comprehensive frame-
work to monitor and regulate air quality across its member states, aimed
at protecting human health and the environment. This framework is
primarily embodied in the Ambient Air Quality Directive (AAQD, EU,
2024/2881). The AAQD specifies limit values for the concentration of
these pollutants in ambient air. Exceedance of these limit values occurs
when pollutant concentrations surpass the thresholds established by the
directive, either in the short term (e.g., daily or hourly exceedances) or
over a longer period (e.g., annual averages). When exceedances are
detected, member states are required to implement air quality plans to
reduce pollution levels.

The AAQD 2024/2881 define “spatial representativeness” as an
assessment approach whereby the air quality metrics observed at a
sampling point are representative for an explicitly delineated
geographical area to the extent that air quality metrics within that area
do not differ from the metrics observed at the sampling point by more
than a pre-defined tolerance level. This is a critical factor in the inter-
pretation of air quality measured data and in the assessment of
compliance with air quality standards. Each air quality sampling point is
strategically placed based on specific criteria, including population
density, traffic density, and industrial activity, to ensure that it captures
the air pollution levels of the area it represents. However, the area over
which a station’s data is considered representative can vary depending
on the type of pollutant, the station’s location, the spatial distribution of
pollutant emissions and local environmental conditions. For example, a
station located in a densely populated urban area might be representa-
tive of only a few square kilometres, while a rural background station
might represent a much larger area. Accurately determining the spatial
representativeness of a station is crucial for ensuring that air quality
measurement used to assess compliance with standards is valid and
reliable. This involves not only selecting appropriate locations for
monitoring stations but also using modelling techniques to understand
how pollution disperses across different landscapes and under varying
meteorological conditions.

The assessment of limit value exceedance areas and the spatial
representativeness of air quality stations can be conducted using
measured data, data from numerical modelling techniques or a combi-
nation (assimilation or fusion) of both. At urban microscale scale,
modelling techniques need to be able to account for the influence of

complex urban morphologies on the dispersion of pollutants identifying
possible urban hot-spots. There are several types of modelling ap-
proaches. Some of them are based on models that calculate numerical
solutions to fundamental fluid flow equations near complex urban ge-
ometries (e.g. Computational Fluid Dynamics, CFD); other numerically
simpler models use parameterisations to take account of the influence of
buildings on wind flow (e.g. Gaussian models). In between, there are
Lagrangian models and artificial intelligence/machine learning models
trained with CFD models. Martin et al. (2024) presented a discussion of
the relative success of different approaches in simulating correctly the
monthly NO3 concentration distribution in an urban district of Antwerp
(Belgium). The main study finding was that the more complex modelling
techniques predicted the most realistic spatial distribution of NO5 in
terms of concentration gradients. However, it is important to addition-
ally evaluate how well local-urban microscale modelling estimates other
important indicators such as the limit value (or air quality standard)
exceedance area (LVEA) and the spatial representativeness area (SRA) of
urban air quality stations.

Air quality modelling techniques have been widely used for esti-
mating the SRA of air quality monitoring stations primarily for non-
urban or urban background stations. These include statistical and geo-
statistical methods (Janssen et al., 2012; Mishra et al., 2012; Righini
et al., 2014; Li et al., 2019; Yatkin et al., 2020), probabilistic methods
using kriging techniques (Beauchamp et al., 2018), and Chemical
Transport Models (CTM) (Martin et al., 2014; Duyzer et al., 2015;
Piersanti et al., 2015; Vitali et al., 2016), among others. Additionally,
innovative approaches such as the integration of satellite data (Yu et al.,
2018; Zhu et al., 2020; Bai et al., 2022, 2023) and machine learning
techniques (Luo et al., 2023) have further expanded the possibilities for
SRA assessment. More recently, Su et al. (2022) developed a framework
using multidimensional Euclidean distance and K-means clustering to
assess and improve the spatial representativeness of China’s regional air
quality monitoring network. Perillo et al. (2022) analyzed the impact of
traffic-related air pollution in Dublin, Ireland, comparing air quality
across different periods to better understand the representativeness of
monitoring stations. These diverse methods highlight the continuous
advancement in the field and the importance of selecting appropriate
tools. For urban or traffic air quality stations, where high pollution levels
are more frequent, there is a significant need to quantify areas exceeding
air quality standards or limit values. However, this evaluation is not
straightforward due to the inhomogeneous nature of urban domains.
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Kracht et al. (2017) published the first attempt to investigate differences
in SRAs associated with the application of distinct modelling approaches
to a common dataset. This study details the outcomes of a collaboration
between members of FAIRMODE and the European Network of Air
Quality Reference Laboratories (AQUILA). It presents the results of an
intercomparison exercise on SRAs for PM10 and NO», at one traffic site,
and for PM10, NO, and Os at two urban background sites. The findings
revealed a considerable range of dissimilarities between the different
modelling systems, particularly in terms of the extent and location of the
SRA. These outcomes highlighted the need for a more harmonized
definition of the SRA concept and consistent criteria for its quantifica-
tion. Hooyberghs et al. (2020) proposed a tiered approach to estimate
the SRA of air quality stations, while Tarrason et al. (2020) went beyond
focusing on the siting of the sampling points considering the macroscale
and microscale criteria as defined by the European directives. Janssen
et al. (2023, 2024) provide recommendations for the estimation of SRA
of monitoring stations and the estimation of the Exceedance Situation
Indicators, both relevant parameters when reporting under AAQD.

The exceedance of air quality standards is usually estimated with
measurements at air quality stations (see for example, EEA, 2025).

Since air quality models provide generally better spatial coverage
than stations networks, they are usually applied for estimating the
spatial extension of the area exceeding the air quality standards since
>25 years ago (Van Aalst et al., 1998).

At the mesoscale, CTM models have been widely used for annual air
quality assessment with the aim of determining what areas exceed the
air quality standards. For example, Vivanco et al. (2018, among others)
applied the CHIMERE model to define the areas where the limit values
(European air quality standards) were exceeded for several pollutants as
a contribution to the Spanish annual air quality assessment following the
European legislation. Jiménez- Guerrero et al. (2008) used the CMAQ
model coupled to the WRF meteorological model to estimate the con-
centrations of O3, NOg, CO and PM10 and compare with the limit values
to determine the exceedances areas in Catalonia (Spain). Monteiro et al.
(2007) also used the CHIMERE model for air quality assessment in
Portugal determining LVEA areas for several pollutants including NOo,
ozone, etc. A relatively complex modelling approach based on the ADMS
model and on measurements was used by Stedman et al. (2007) in the
UK to estimate the PM10 and PM2.5 concentrations and determine the
LVEA areas.

However, fewer studies have been conducted to determine LVEA in
urban areas. Furthermore, the use of microscale modelling in air quality
assessment is quite scarce. Among others, we can point out the works of
(Johansson et al., 2022) that applied the urban air quality model
ENFUSER, which is a combination of Gaussian puff and Gaussian plume
modelling coupled to a regional model and a measurement assimilation
method. Rivas et al. (2019) applied a scenario-CFD-simulation-based
methodology for air quality assessment, spatial representativeness and
health impacts evaluation in Pamplona (Spain). Using almost the same
methodology, Santiago et al. (2022b) analyzed the NOy LVEA in 3 urban
hot spots in Madrid and how they change when emission reduction
strategies are applied. Criado et al. (2023) used the CALIOPE-Urban
model with a data fusion methodology for correcting bias to deter-
mine the NO- limit value exceedance areas in Barcelona. Rafael et al.
(2021) applied a Gaussian air quality model (WRF-URBAIR) with
different methodologies (full-year simulation, scenarios for representa-
tive days and scenarios for a set typical meteorological conditions) to
estimate PM10 and NO; annual concentrations to identify exceedances
of EU and WHO limit values in Aveiro (Portugal) and Bristol (UK) re-
gions. Reiminger et al. (2020a) applied CFD modelling in an urban hot
spot at very high resolution (1 m) testing a scenario methodology for
computing long-term NO2 concentrations considering different number
of scenarios related to the wind rose directions and wind speed
distributions.

Lefebvre et al. (2013) developed a RIO-IFDM-street canyon model
(ATMO-Street) chain to air quality assessment estimating exceedances
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areas in Belgium cities with a very high resolution.

Another example of using microscale air quality models at very high
resolution in urban areas is Zhong et al. (2024) where the ADMS urban
was applied for the West Midlands (UK). The objective was to determine
the effects of traffic emission reductions on the LVEA.

Beauchamp et al. (2018) did a very interesting study on how to
compute the SRA and LVEA areas in urban areas of France using geo-
statistical methodologies (kriging) to air quality station and passive
sampler NO, concentration data to obtain high resolution maps of NO5
concentrations and then applying probabilistic approach to estimate
SRA and LVEA.

Following these last referred works, our paper focuses on analyzing
how microscale modelling systems perform estimating SRA and LVEA in
urban hot spots. An intercomparison of the microscale modelling sys-
tems based on high spatial resolution dispersion models has been carried
out. The intercomparison is based on an exercise conducted over an
urban district in Antwerp (Belgium). The first part of the study involved
model performance inter-comparisons concerning the calculation of
period-average spatial distributions of NO, (Martin et al., 2024). The
primary objective of this current, follow-on study is to assess the suit-
ability of distinct modelling systems for estimating the spatial repre-
sentativeness of two urban air quality stations, and the determination of
areas where air quality standards are likely to be exceeded. The paper is
organized as follows: the studied domain, model configurations, and
validation methodologies are described in Section 2; the results are
presented and discussed in Sections 3 and 4, respectively, and finally,
the conclusions are presented in Section 5.

2. Methodology

2.1. Description of the input data from the case study domain and
exercise settings

This model intercomparison exercise is the second part of the study
undertaken by Martin et al. (2024). It relates to the same urban district
of the city of Antwerp (800 x 800 m?), Belgium; which is an urban built-
up area consisting of a mix of street canyons, open areas, 2-3 floors
residential houses with small private gardens and some commercial and
residential buildings of varying heights. As shown in Fig. 1, the study
area is crossed by a main road (Plantin en Moretuslei) from East-West
direction.

NO,, PM10, PM2.5, O3 and BC concentration data are collected on an
hourly basis at two automated fixed monitoring air quality (AQ) stations
(a traffic and an urban background stations), operated by the Flemish
Environment Agency (VMM), and located at the main road (Fig. 1). NO;
background concentrations were provided by the RIO model (Janssen
et al., 2008).

A campaign involving the distribution of about 2000 passive sam-
plers among Antwerp’s citizens was organized by the University of
Antwerp in the context of the citizen science project CurieuzeNeuzen
(https://ringland.be/academie/curieuzeneuzen/overzicht/). 73 of the
passive samplers from this NO, concentration dataset, corresponding to
the period 2016-04-30 to 2016-05-28 and within the study area, were
used for model evaluation.

Hourly meteorological data (wind speed and direction, temperature,
relative humidity and total radiation) recorded at the nearby VMM
measurement station were used by some of the modelling systems.

Traffic NOx and NO, emissions were available for a selection of
major and secondary roads (see Fig. 2) from the official Flemish FAS-
TRACE traffic emission model (version 2.1), based on COPERT 5 emis-
sion factors.

More details about the input data, experimental data and exercise
settings can be seen in Martin et al. (2024).
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Fig. 1. The modelling domain (aprox 800 x 800 m?) in the city of Antwerp, Belgium (red rectangle) and the sampler locations (red dots) are shown in two maps. The
left map also shows the location of the VMM meteorological tower, whose meteorological data has been used by the modellers in this intercomparison exercise. The
right map with an aerial picture includes the locations of the official monitoring stations 42R801 and 42R802 close to the major road Plantin en Moretuslei.

Fig. 2. Line segments with modelled traffic flow used in the FASTRACE model to derive traffic emissions. The red square represents the modelling domain.

2.2. Description of the modelling systems

The same set of modelling systems used in the previous study (Martin
et al., 2024) was used to compute the long-term averaged pollutant

concentrations; detailed information is provided in Tables 1-3. Addi-
tional results from a new Gaussian modelling system were included in
this study corresponding to the contribution of the company RICARDO
with the RapidAir modelling system. A modelling system is defined as a
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Table 1
a. Description of the modelling systems (and model setup) used for directly estimating the long-term average concentrations with full period simulations on an hourly
basis.

Modelling System VITO-ATMOStreet RICARDO-RAPIDAIR CERC-ADMS

Microscale Model ATMOStreet RAPIDAIR ADMS

Description Gaussian plume (IFDM) with street Steady-state Gaussian plume model (AERMOD) Quasi-Gaussian

canyon parameterization (OSPM) with urban parameterization (AEOLIUS street
canyon model)
Urban morphology Building footprints and heights Data provided by VITO. Buildings data processed to generate road by road

Computational Domain

Grid type
Grid resolution
Total number of cells

Emissions data

Chemistry

Atmospheric Stability

Meteorological
boundary conditions

Meteorology within the
domain

Pollution boundary

Full Antwerp city

Receptor points
10 m
Computed using the FASTRACE model,

and applying time profiles
Simple chemistry

Stable, neutral and unstable

Data from the meteorological station:
Antwerpen-Luchtbal.

OSPM model includes an urban
parametrization to modelling the street-
canyons

Full Antwerp city

Regular grid
1 m. Results provided at 1 and 2 m resolution

Traffic emission data + time profile provided by
VITO

NOx as passive and NO, derived using the
conversion scheme outlined in the SHERPA model (
Degraeuwe et al., 2021), assuming constants as
outlined in Romberg et al. (1996)

Stability dependent simulations. Hourly
meteorology data is fed into AERMET/AERMOD
and all stability calculations are controlled by these
models

Measured meteorological data in Antwerp (VITO
data) converted into AERMET-ready formats. Upper
air data estimated from this surface data to feed into
AERMET

AERMET model

Background concentrations provided by RIO model.

street canyon, and gridded building, parameters.
Parameters used to model dispersion in street
canyons and within the urban canopy.

Model input horizontal domain: 7822 m x 7750 m.
Vertically, model extends to above the boundary
layer.

Irregular, source oriented. Higher receptor network
where concentrations gradients are highest.

From 0.3 m to 25 m

Traffic emission data + time profile provided by VITO

NOy photolytic chemistry module, which accounts for
fast, near-road oxidation of NO by O3 to form NO,

Full range, characterized by ratio of boundary layer
height to Monin-Obukhov length

Measured meteorological data in Antwerp (VITO
data) adjusted to account for the change in roughness
at the meteorological measurement station compared
to the dispersion site.

Urban parameterization to modelling the street
canyons (accounting for separate carriageways,
pavements canyon asymmetry and porosity)
Background concentrations provided by RIO model.

conditions/
background
concentrations
Assumptions and/or Gaussian plume parameterization. No Gaussian plume model with urban parameterization  Street canyon flow and dispersion assumes uniform
limitations account for explicitly 3D effects. Street (AEOLIUS street canyon model) properties along the length of each modelled road
canyon parameterization (OSPM with well-established flow patterns (no specific
model) modelling of individual buildings or junctions);
thermal effects on in-canyon flow (e.g., differential
solar heating) neglected; concentration at a selected
hour only depends on the emissions within the
modelling domain and meteorological conditions at
that hour.
References Hooyberghs et al. (2022) Masey et al. (2018) Zhong et al. (2021), Hood et al. (2021), Biggart et al.
(2020), Owen et al. (2000), Carruthers et al. (1994)
Table 1.b
Modelling System ENEA-PMSS NILU-EPISODE SZE-OpenFOAM-U
Microscale Model PMSS EPISODE OpenFOAM

Description

Urban
morphology

Computational
Domain

Grid type
Grid resolution

Total number of cells
Emissions data

Mass consistent diagnostic reconstruction +
conservation of momentum for meteorology &

obstacle aware Lagrangian dispersion

Gaussian dispersion model

3D grid Eulerian dispersion model with imbedded

CFD Unsteady RANS with k-eps
turbulence modelling

Data provided by VITO. Buildings simplified and
grouped in blocks.

Buildings within an 800 m x 800 m region centered in
the AQ station. No distance is needed from buildings
to lateral boundaries; height of domain = 500 m;
Hmax = height of tallest building

Regular horizontal grid, terrain following vertical
grid with 17 levels
3 m horizontal resolution

Traffic emission data, together with the temporal
profiles provided by VITO

None. This implies that the Gaussian dispersion model
does not have a street canyon parametrization.
Larger domain defining all the road net available. The
3D grid had the resolution of 1 kmx1kmx20m. Then in
the smaller 800mx800m domain, a set receptor points
at the passive samplers’ locations and regularly in
20mx20m and at a 2 m height.

regular

1kmx1km and 20mx20m
81 and 1600

Traffic emission data, together with the temporal
profiles provided by VITO, except for hourly profiles

Data provided by VITO.

2.6 km x 2.6 km with buildings in
AOL 8.6kmx8.6 km total simulation
domain. Height of domain = 400 m

Octree mesh.

2 m on ground level, up to 32 m in
the outside of the area of interest
3.3 million

Traffic emission data, together with
the temporal profiles provided by
VITO

(continued on next page)
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Table 1.b

Modelling System

ENEA-PMSS

NILU-EPISODE

SZE-OpenFOAM-U

Chemistry

Atmospheric Stability

Meteorological boundary
conditions

Meteorology within the
domain

Pollution boundary
conditions/
background
concentrations

Assumptions and/or
limitations

No chemistry, passive pollutant. NOx/NO,
transformation as post-processing based on NOx/NOy
ratio of RIO model

Depending on meteorological conditions and
parameterized through Surface Layer scaling
variables

Data from the meteorological station: Antwerpen-
Luchtbal.

Diagnostic reconstruction using a simplified CFD

Background concentrations provided by RIO model.

Calculations of NO, are based on using photochemical
equilibrium between the three fast-cycle reactive
compounds NO, NO, and O3.

Pasquill-Guifford stability class.

WREF configured in a system with 3 one-way nested
domains until the 1 kmx1km resolution for the larger
domain.

Data from the meteorological model WRF in the 1
kmx1km horizontal resolution. No additional wind
fields for the street canyon locations were either
included.

For NO; and NO we used RIO background and for O3
we used observations available.

Gaussian plume model for the dispersion from the
roads. No buildings accounted. Meteorology data from
a model with coarse resolution, which means that for

No chemistry yet. Passive scalar
pollutant.

Neutral conditions

Logarithmic boundary wind profile
based on data from the
meteorological station: Antwerpen-
Luchtbal.

Diffusion coefficients depend on PBL
height and turbulence diffusion
coefficient.

Background concentrations

provided by RIO model.

Diffusion coefficients equal in each
direction.

the 800mx800m we worked with two data points.
Simplified meteorology in the 3D eulerian grid.

References Oldrini et al. (2017), Trini et al. (2018), Veratti et al.
(2020), Russo et al. (2021), Villani et al. (2021),

Barbero et al. (2021)

Hamer et al. (2020)

Horvath et al. (2016), Kornyei et al.
(2021)

chain of models and submodels, including all necessary input data, and
any post-processing (see Janssen et al., 2024, or EU-AAQD, 2024/2881).
A clear example of modelling system could be the case of the method-
ology based on CFD models simulating representative scenarios and
postprocessing methods to retrieve monthly or annual pollutant con-
centrations distribution in a selected spatial domain. Other modelling
systems were based on performing a full month simulation CFD un-
steady state simulations or running non-CFD models such as Gaussian,
Lagrangian or Al/machine learning (convolutional neural network)
models. All the CFD simulations were performed neglecting chemical
reactions by assuming a passive scalar pollutant and only neutral at-
mospheric stability conditions were imposed. All the models provided
their results for the same common domain (800 x 800 m?) as described
in the previous section but with their own grid resolution. More details
of the modelling approaches used in this study can be found in Martin
et al. (2024).

2.3. Methodology of modelling system evaluation

The aim of this study is to quantify how well the described modelling
systems predict the long-term limit value exceedance and station spatial
representativeness areas. Therefore, it is necessary to compare with
observed long-term average pollutant concentrations. However, mea-
surements at urban district level are difficult to obtain due to the limited
air quality stations deployed in urban areas. Ideally, good spatial data
coverage is needed, which captures the strong near-road pollutant
concentration gradients. Hence, a dense sampling or measuring point
network is required (Martin et al., 2024).

Such type of information can be obtained from campaigns deploying
large numbers of passive samplers in the studied area. In this study, 73
passive samplers measuring NOy concentrations were deployed from
April 30th to May 28th, 2016 (almost one month) throughout an 800 m
x 800 m domain of the city of Antwerp (Belgium) (see Martin et al.,
2024). 28 out of these 73 samplers were located on streets where traffic
emission data was available (see Fig. 3). The NO, concentration data
from these 28 passive samplers were used in this study. The rationale for
utilizing only the 28 samplers from streets with emission data is to
eliminate errors in the model predictions at the remaining sampler lo-
cations caused by the absence of emission data from nearby sources.

To evaluate the modelling system performance estimating LVEA and
SRA, the concentrations measured by samplers in the campaign period
(April 30-May 28, 2016) are used. Since the number of samplers is
limited (28 samplers), we are not able to delimitate accurately the LVEA
and SRA areas. However, we can identify the samplers with observed
concentrations exceeding the limit value for NOy of 40 pg/m®, which
will be inside the “observed” LVEA. On the contrary, the samplers not
exceeding the limit value would be out of the “observed” LVEA. In the
same way, for the case of the “observed” SRAs of the two air quality
stations located within the domain, the samplers with NO, concentra-
tion within the interval of the NO, concentration at each station plus/
minus a tolerance margin (three tolerances were considered 10, 15 and
20 %) were considered inside the “observed” SRA of one of the stations
with the selected tolerance.

Concerning the “modelled” LVEA and SRA, the samplers, where a
modelling systems predict concentrations (averaged for the same period
of the campaign, April 30-May 28, 2016) exceeding the limit value or
being within the concentration similarity interval, will be part of the
LVEA or SRA estimated by such modelling system, respectively. The
“modelled” LVEAs and SRAs obtained with the different modelling
systems were compared with the “observed” LVEA and SRA, as previ-
ously defined.

Since the data to be compared are categorical (inside or outside the
LVEA and SRA from observations or from modelling results), the sta-
tistical metrics needs to be categorical as well. So, several categorical
indexes were computed:

e Accuracy index. Trying to answer the question: How good are the
models predicting the samplers in and out the LVEA or SRAs?

- a-+c
Ta+b+c+d

being:

a = number of hits predicting a sampler, which is inside the LVEA or
SRA.

b = number of misses predicting a sampler, which is inside the LVEA
or SRA.

¢ = number of hits predicting a sampler, which is outside the LVEA or
SRA.
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Table 2
a. Description of the models included in the modelling systems based on scenario simulations for retrieving monthly average concentrations through scenarios-based
approaches.
Modelling System VITO-OpenFOAM CIEMAT-simple/windfactor/ UOWM-ADREA SZE-CxC
detailed and CERC-CIEMAT
Microscale Model OpenFOAM Star CCM+ ADREA-HF OpenFOAM
Description CFD-RANS steady-state CFD-RANS steady state CFD-RANS steady state CFD-RANS steady state
Schmidt number 0.5 0.3 0.7 0.5
Urban morphology LOd1.2: 3D reconstruction based on ~ Data provided by VITO. Buildings Data provided by VITO. No Data provided by VITO. No
building footprints and heights. simplified and grouped in blocks. simplifications. simplifications.
Used CITY4CFD.
Computational Buildings: 1.5 x 1.5Km2. Avg Buildings within a rectangle 1 km x  Buildings within 1 km x 1 km. The 2.6 km x 2.6 km with buildings in
Domain distance to boundary ~500 m 1 km. Distance from buildings to horizontal domain has been AOL 8.6kmx8.6 km total simulation
lateral boundaries = 8H; Height of extended by 20 m in each for the domain. Height of domain = 400 m
domain = 8H; Hmax = height of four (4) sides flat with roughness
tallest building 0.3 m. Vertical dimension 300 m
Grid type Unstructured Polyhedral mesh. Irregular. Polyhedral with structured, irregular Octree mesh with cell sizes from 2 to

Grid resolution

Total number of cells
Emissions data

Build with SnappyHexMesh
Resolution at building level ~1 m
19 million

Computed using the FASTRACE
model, and applying time profiles

hexahedral prism layers close to
buildings and ground
1m

1,180,000

Traffic emission data, together with
the temporal profiles provided by
VITO

Horizontal resolution uniform 5 m;
Vertical resolution nonuniform (2.0
m, 10.0 m)

204x204x60

Traffic emission data, together with
the temporal profiles provided by
VITO

32m.

2 m at ground level

3.3 million

Traffic emission data, together with
the temporal profiles provided by
VITO

Chemistry Passive scalar. NO,/NOy correction No chemistry. Passive scalar No chemistry. Passive scalar No chemistry. Passive scalar

based on measurements pollutant. pollutant. pollutant.

Atmospheric Neutral atmospheric stability Neutral atmospheric stability Neutral atmospheric stability Neutral atmospheric stability
Stability conditions. conditions. conditions. conditions.

Meteorological Data from the meteorological Data from the meteorological Data from the meteorological Data from the meteorological
boundary station: Antwerpen-Luchtbal station: Antwerpen-Luchtbal. station: Antwerpen-Luchtbal station: Antwerpen-Luchtbal
conditions

Meteorology within Computed by the microscale models  Computed by the microscale models =~ Computed by the microscale models ~ Computed by the microscale models
the domain

Pollution boundary Background concentrations Background concentrations Background concentrations Background concentrations
conditions/ provided by RIO model. provided by RIO model. provided by RIO model. provided by RIO model.
background
concentrations

Assumptions and/or Concentrations ~1/v Passive Concentrations ~1/v Passive Concentrations ~1/v Passive Concentrations ~1/v Passive
limitations pollutants; No thermal effects; pollutants; No Thermal effects; pollutants; No Thermal effects; pollutants; No Thermal effects;

Concentration at an hour only Concentration at an hour only Concentration at an hour only Concentration at an hour only
depends on the emissions within the ~ depends on the emissions within the ~ depends on the emissions within the  depends on the emissions within the
modelling domain, NO,/NOx ratio modelling domain, NO,/NOx ratio modelling domain, NO,/NOx ratio modelling domain, NO2/NOx ratio
and meteorological conditions at and meteorological conditions at and meteorological conditions at and meteorological conditions at
that hour. that hour. that hour. that hour.

References Janssen et al. (2008), Vranckx et al. Rivas et al. (2019); Santiago et al. Bartzis et al. (2015, 2020a,b, 2021, Horvath et al. (2016); Kornyei et al.

(2015), Sousa et al. (2018), Sousa (2013, 2017, 2021, 2022a); 2022); Sakellaris et al. (2022) (2021)
and Gorlé (2019), Hooyberghs et al. Santiago and Martin (2015),
(2022), Paden et al. (2022) Sanchez et al. (2017); Parra et al.

(2010)

Table 2.b

Modelling System AIR&D-CFD AIR&D- Al UPM-PALM4U

Microscale Model OpenFOAM FOLLOWAIR PALM4U

Description CFD - RANS unsteady state (time-average after Encoder decoder Convolutional Neural Network (CNN)  CFD-LES

convergence) trained on CFD-RANS unsteady averaged results
Schmidt number (Sc) 0.7 0.7
Urban Data provided by VITO. No simplifications. Data provided by VITO. No simplifications. Data provided by VITO.

morphology
Computational
Domain

Grid type
Grid resolution

Total number of cells
Emissions data

Chemistry

Atmospheric Stability

Buildings within a rectangle 1.3 km x 1.3 km. Distance

from buildings to lateral boundaries = 200 m; Height

of domain = 358 m; Hmax = 70 m

Regular. Unstructured. Cubical

0.5 x 0.5 m (proximity to walls) up to 16 x 16 m (for

the highest altitudes)
12 million

Traffic emission data, together with the temporal

profiles provided by VITO

Passive scalar. NO,/NOy correction based on
DERWENT and BACHLIN parametrizations

Neutral atmospheric stability conditions.

Regular.

Buildings within a rectangle 1.3 km x 1.3 km.

Resolution of 1 x 1 m?

Traffic emission data, together with the temporal

profiles provided by VITO

Passive scalar. NO,/NO, correction based on
DERWENT and BACHLIN parametrizations

Neutral atmospheric stability conditions.

3D buildings as cubes (5x5x5 m)
3D grid: 200 (x) x 200 (y) x 70 (z)
grid cells. 5 m spatial resolution.

Regular.
5m, 200 x 200 grid cells

2.8 million

Traffic emission data, together
with the temporal profiles
provided by VITO

Photo-stationary
Chemistry mechanism
Stability dependent
simulation

(continued on next page)
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Table 2.b

Modelling System

AIR&D-CFD

AIR&D- Al

UPM-PALM4U

Meteorological boundary
conditions

Meteorology within the
domain

Pollution boundary
conditions/
background
concentrations

Assumptions and/or
limitations

References

Data from the meteorological station: Antwerpen-
Luchtbal

Computed by the microscale models

Background concentrations provided by RIO model.

Concentrations ~1/v Passive pollutants; No thermal
effects; Concentration at an hour only depends on the
emissions within the modelling domain, NO,/NOx
ratio and meteorological conditions at that hour.
Reiminger et al. (2020a, 2020b); Jurado et al. (2021)

Data from the meteorological station: Antwerpen-
Luchtbal

Computed by the microscale models

Background concentrations provided by RIO model.

Concentrations ~1/v Passive pollutants; No thermal
effects; Concentration at an hour only depends on the
emissions within the modelling domain, NO,/NOx
ratio and meteorological conditions at that hour.
Jurado et al. (2022, 2023)

From WRF/Chem simulation 1 km
spatial resolution

Off-line nesting, BCs frequency 10
min.

Wind components (u, v, w)
Potential temperature and
humidity

Soil temperature and moisture.
Computed by the microscale
models

From WRF/Chem simulation 1 km
spatial resolution

Off-line nesting, BCs frequency 10
min.

Belda et al. (2021), Maronga et al.

(2019), San Jose and Perez-
Camanyo (2022, 2023),San Jose
et al. (2021)

d = number of misses predicting a sampler, which is outside the
LVEA or SRA

o False Alarm Rate (FAR). Answering to: what is the rate of prediction
of samplers inside the LVEA or SRAs, when they actually are outside
of them?

d
a+d

FAR =

e Categorical Bias (BIAS). Answering to: are the models under (BIAS
<1) or overpredicting (BIAS >1) the samplers inside the LVEA or
SRA?

pias = 2+ ¢
a+b

These metrics were computed separately for the case of LVEA and for
the SRAs with the three studied tolerances (10, 15 and 20 %).

The predictions of concentrations obtained with the modelling sys-
tems can show some bias respect to the observed concentrations at the
air quality stations (see Martin et al., 2024). In such case, some post-
processing could be required for removing it and then, probably
improving the estimates of SRAs and LVEA. Five different modelling
data were used:

e Original or raw modelling data, i.e., the output data of using the
modelling systems without any correction -.

Modelling data modified using averaged sampler bias (MSBC)
Modelling concentration estimated at sampler locations are modified
using the average concentration bias of each modelling system’s
monthly NO, concentration prediction relative to the samplers’
observations.

B = Cus — Cos, MSBCs = Cys + B.

where Cys is the concentration predicted by a modelling system at
the sampler site S, Copgs is the concentration measured by the sampler S, B
is the mean concentration bias of the predictions of a modelling system,
MSBCs is the bias modified concentration at the sampler site S.

o Modelling data modified using reference station bias (MSBBG for
background station, MSBTF for traffic station). The difference of
monthly NO2 concentration prediction of modelling system at each
station location respect to the observed data is used to modify all the
sampler estimates from each modelling system. It was done for the
background and traffic stations, respectively.

ACpgs = Cumpes — Copes; MSBBGs = Cys + ACpgs

ACtrs = Cyrrs — Corrs; MSBTFs = Cys + ACtrs

where Cypgs is the concentration predicted by a modelling system at
the sampler site where the background station is located BGS, Cyrrs is
the same but for the sampler located at traffic station (TFS). Cppgs is the
concentration measured by the sampler where the background station
(BGS) is located, while Corps is the same but for the sampler of the traffic
station (TFS). MSBBGs and MSBTFs are the modified concentration at
the sampler location S by the concentration at the background and
traffic stations, respectively.

e Modelling data modified using linear regression (Ax + B). The linear
regression functions were computed for every concentration data set
of the modelling systems with the observed concentrations from the
samplers and the slopes A and the intercepts B were computed for
every modelling system.

Modelling data modified using linear regression with intercept zero
(Ax). The coefficients A were computed for every modelling system
as in the former case.

Results can be found in the Supplementary Material section.
3. Results
3.1. Annual average NOy concentration maps

In Figs. 4-7, the maps of 2016 annual averaged of NOy concentra-
tions for the studied domain obtained from using the different modelling
systems used in this study are shown. The maps are qualitatively very
similar to those of the monthly corresponding to the samplers’ campaign
period (see Martin et al., 2024). In the Discussion section, these results
will be extensively analyzed.
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a. Description of averaging methodologies involved in the modelling systems based on scenario simulations for retrieving monthly/annual average concentrations
through scenarios-based approaches.

Modelling System

SZE-CxC

CERC-CIEMAT

CIEMAT detailed

CIEMAT simple

CIEMAT wind-factor

Microscale Model

Set of simulations
required/ no. of
scenarios

Criteria for

OpenFOAM
4-32 wind sectors

Measured wind direction

Star CCM+

16 wind sector scenarios +
wind speed bins from VITO
met measurements +
roadside & background
pollutant concentration
measurement

Measured wind speed, wind

Star CCM+
16 wind sector scenarios

Using the measured wind

Star CCM+
16 wind sector scenarios

Using the measured wind

Star CCM+
16 wind sector scenarios +
wind speed bins

Using the measured wind

selecting (VITO meteorological data) direction, and peak or off- direction (VITO direction (VITO direction (VITO
scenarios peak traffic flows meteorological data) meteorological data) meteorological data)
Procedure for Series of hourly 1) Derive wind-speed and Series of hourly Weighted average based on ~ Weighted average based on
retrieving concentration maps (gridded  traffic emissions correction concentration maps (gridded ~ probability density function ~ probability density function
annual/ data) computed by assigning  factors from measured data) computed by assigning ~ (wind direction) + (wind direction and wind
monthly one scenario each hour and concentration data. 2) one scenario each hour and corrections by hour/date speed scenarios) +
concentrations applying corrections by wind ~ Calculate the frequency of applying corrections by wind ~ (emissions) and wind speed  corrections by hour/date
speed or by hour/date occurrence of each wind speed or by hour/date and adding background (emissions) and wind speed
(emissions) and adding speed / traffic emissions (emissions) and adding concentrations. and adding background
background concentrations. combination on a sector by background concentrations. concentrations.
Annual/monthly sector basis (monthly / Annual/monthly
concentration maps annual). 3) Calculate concentration maps
estimated averaging for the weighted sum of 16 CFD estimated averaging for the
time series of maps for a gridded concentration maps time series of maps for a
year/month year/month
Assumptions and/ Dependence of
or limitations concentrations on wind
speed and traffic emissions is
spatially homogeneous;
Influence of atmospheric
stability on solution
dependent through wind
speed magnitude only; Non-
reactive pollutants; Thermal
effects negligible;
Concentration at a selected
hour only depends on the
emissions within the
modelling domain and
meteorological conditions at
that hour.
Table 3.b
Modelling System VITO-Open FOAM UOWM- ADREA AIR&D-CFD AIR&D-AI UPM-PALM4U
Microscale Model OpenFOAM ADREA-HF OpenFOAM FOLLOWAIR PALM4U

Set of simulations
required/ no. of
scenarios

Criteria for
selecting
scenarios

Procedure for
retrieving
annual/
monthly
concentrations

36 Wind sectors scenarios

Measured wind direction
(VITO meteorological data)

Series of hourly concentration
maps (gridded data)
computed by assigning one
scenario each hour and
applying corrections by wind
speed or by hour/date
(emissions). NO,/NOx ratio
per hour and adding

32 wind sector scenarios

Using the measured wind
direction (VITO
meteorological data)

32 Steady state reference
simulations (i.e. one (1) per
each sector) with wind
velocity at the meteorological
station 5 m/s. These 32
simulations are utilized to
estimate the 8764 h applying
corrections by wind speed

18 wind sector scenarios

Using the measured wind
direction (VITO
meteorological data)

Series of hourly

concentration maps (gridded
data) computed by assigning

one scenario each hour and

applying corrections by wind

speed or by hour/date
(emissions) and adding
background concentrations.

36 wind sector scenarios

Using the measured wind
direction (VITO
meteorological data)

Series of hourly

concentration maps (gridded
data) computed by assigning
one scenario each hour and

Representative days 1
per period (month or
year)

Three rules:

1) Bias of the station
data daily average vs
monthly/annual
average value (min. <
30 %)

2) Bias of the WREF/
Chem daily average vs
station data monthly/
annual average value
(min. < 30 %)

3) Correlation
coefficient of hourly
data of the WRF/Chem
and station data for the
representative day
(min. > 0.6)
Averaging the 24
hourly maps of the
representative day

applying corrections by wind

speed or by hour/date
(emissions) and adding

background concentrations.

(continued on next page)
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Table 3.b
Modelling System VITO-Open FOAM UOWM- ADREA AIR&D-CFD AIR&D-AI UPM-PALM4U
background concentrations. and by hour/date (emissions)  Annual/monthly Annual/monthly
Annual/monthly and adding background concentration maps concentration maps
concentration maps estimated  concentrations. estimated averaging for the estimated averaging for the
averaging for the time series time series of maps forayear/  time series of maps for a year/
of maps for a year/month month month
Assumptions and/
or limitations
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Fig. 3. Map showing the location of the 28 passive samplers (colored dots) measuring NO concentrations (ng/m>) during the campaign period (April 30th to May 28th,
2016), which are sited in streets with available traffic emission data (black lines). Colors of the dots refers to the measured NO, concentrations. White areas are buildings,

whereas gray zones are streets, squares or parks.
3.2. Evaluation of the monthly LVEA estimates

In Fig. 8, the results of the categorical metrics for the predictions of
samplers inside or outside the LVEA for the direct estimates of the
modelling systems are shown. On average the values of the accuracy
index for the estimates is roughly 70 % but ranges from 55 % to almost
80 %. The FAR is mostly low (about 20 % on average), but with BIAS
generally lower than 1. It means that the modelling systems seem to
mostly underpredicting the number of samplers inside the LVEA. Indeed,
the modelling systems predict better the no-exceedance samplers (>80
% of hits) than the exceedances ones (<60 %) for the case of the raw
predictions (see supplementary material, Fig. SM.1).

The CFD, AI and Lagrangian (in this order) modelling systems pro-
vide significantly high averaged values of the accuracy index (around
70 %). However, the Gaussian modelling systems provide a lower false
alarm rate (around 10 % on average with maximum of 33 %), while the
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other model types have average values close to 20 % but with maxima of
>35 % in the case of the CFD and Al modelling systems. The CFD and AI
models have higher values of BIAS (0.78 and 0.75, respectively but
underpredicting) but with large variability (0.35-1.30 for the CFD cases
and 0.39-1.10 for the AI ones). The Lagrangian model has a rather low
BIAS value (strong underprediction) close to the mean value of all the
Gaussian models. However, Gaussian models have a very significant
variability (0.0-0.90).

In addition, the same statistics were computed for the different
modified modelling concentration results as indicated in Section 2.3.
The detailed results can be seen in Supplementary Material Section (Fig.
SM.4). The results will be discussed briefly in Section 4.2.2.

Additionally, it is important to investigate how different are the
predictions of LVEA when using the same model but with different type
of simulations or number of scenarios. This was done using the simu-
lations of the SZE group, which consisted of a full-month unsteady
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Fig. 4. Maps of 2016 annual average of NO, concentrations (ug/m>) computed with the modelling systems based on CFD models.

OpenFOAM simulations and the application of a methodology for
retrieving monthly NO, concentration data from different number of
CFD simulated wind sector scenarios (4, 8, 16, and 32). In Fig. 9, the
results of the accuracy index, false alarm rate and bias for the analyzed
SZE simulations are depicted. There are no significant differences in the
accuracy index among the unsteady full-month CFD simulations and the
approaches using different number of scenario-based CFD simulations.
FAR and BIAS for the unsteady full-month CFD simulation is slightly
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higher than for the cases of using scenario-based CFD simulations. As
with most of the modelling systems, the unsteady full-month CFD
simulation and the scenario-based CFD simulations are better predicting
the non-exceedance areas (73-80 % of hits) than the exceedance ones
(54-62 %). The full-month simulation has higher percentage of hits
predicting the LVEA and lower for the non-exceedance area. The four
cases using the scenario-based methodology have the same percentage
of hits (see Fig. SM.2 in the Supplementary Material section).
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Fig. 6. Maps of 2016 annual average of NO, concentrations (ug/m>) computed with the modelling systems based on Al models.

3.3. Comparison of estimated 2016 annual LVEAs

Fig. 10 shows the overlapping of the LVEAs estimated from the raw
outputs of all the modelling systems. The LVEAs, which are common for
most of the modelling systems, are darker, whereas the light gray areas
correspond to the LVEA estimated by only a few modelling systems. It is
evident that the LVEAs predicted by most of the modelling systems are
the main streets and avenues, but there are differences in the shape and
size of the LVEAs. These noticeable differences can be partly attributed
to the different types of models (Figs. 11 and 12) but with significant
variability.

12

3.4. Evaluation of the estimates of monthly SRAs

Fig. 13 shows the results of the accuracy index for the predictions of
samplers inside or outside the SRAs of the two air quality stations for
different tolerances and for the different types of modelling systems.

It is evident that accuracy index is higher for the SRA of the back-
ground station and for larger tolerances. For the background station, the
accuracy index increases from 55 % on average for 10 % tolerance to
roughly 80 % for 20 % tolerance. For the traffic station, the accuracy
index also grows notably from 45 % on average for 10 % tolerance to 55
% for 20 % tolerance but with a very important variability. Accordingly,
the modelling systems for low (10 %) tolerance predict better the SRA-
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Fig. 7. Maps of 2016 annual average of NO, concentrations (ug/m>) computed by the Gaussian modelling systems used in this study.
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Fig. 8. Accuracy Index, False Alarm Rate (FAR) and Categorical Bias (BIAS) (maximum-minimum range in black and mean value in red) for predictions of the limit
value exceedance area corresponding to the raw estimates of the modelling systems grouped by model types (CFD, Lagrangian, Gaussian and Artificial Intelli-

gence (AI)).
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Fig. 9. Accuracy index (above), False Alarm Rate (FAR) (middle) and Categorical Bias (BIAS) (below) for the prediction of LV exceedance samplers predicted by the
full-month unsteady OpenFOAM simulations and by applying methodologies based on wind sector scenarios (4, 8, 16 and 32) OpenFOAM simulations.

outside samplers (60 % of hits for both stations) than the SRA-inside
ones (55 % of hits for the background station and <30 % for the
traffic one) for the case of the non-modified concentration predictions.
However, for high (20 %) tolerances the hits of samplers inside the SRAs
increase a lot for both stations (see supplementary material, Figs. SM.5.
and 6).

The CFD modelling systems provide the highest average of accuracy
in all cases (different tolerances and both stations) ranging their average
values from 60 to 75 % and 45-60 % for the background and traffic
stations, respectively. Their accuracy values improve as tolerance in-
creases and are better for the background station. Nevertheless, there is
a strong variability in the results among the individual models, espe-
cially in the case of the traffic station, spanning from 22 to 85 % for 20 %
tolerance (the most variability case). We have to keep in mind that 12
CFD modelling systems have been used in this study, while only one
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Lagrangian model, three Gaussian and two Al were involved.

The accuracy results for the Al models is good for the background
station with a slight improvement when increasing tolerance, while such
an improvement is not observed for the traffic station case. The differ-
ences between the two Al models seems to be somewhat larger for the
traffic station and increase with tolerance for both stations.

The Lagrangian model scores its best average accuracy (73 %) for the
background station with 20 % tolerance, while the average accuracy is
roughly 50 % in the remaining cases (10 and 15 % tolerances for the
background station, and all tolerances for the traffic one).

The accuracy values for the Gaussian models show a notable
improvement when increasing the tolerances reaching averaged values
of 72 and 58 % for the background and traffic stations, respectively for
20 % tolerances. Nevertheless, there are remarkable differences among
the three Gaussian models, which are more important for 10 % tolerance
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Fig. 10. Overlapping of the limit value exceedances areas computed by all the modelling systems. The darker the pixel, the more models estimate it is within the
LVEA. The white color pixel indicates none model predicts it within the limit value exceedance area. Yellow means buildings.

for the background station (25-68 %) and for 15 and 20 % tolerances for
the traffic one (32-78 %).

The false alarm rate (FAR) values are shown in Fig. 14. FAR is clearly
higher for the traffic station (ranging the model-type-averaged FAR from
48 % to 58 % for 10 % tolerance and from 25 % to 54 % for 20 %
tolerance) than for the background (ranging from 29 % to 55 % for 10 %
tolerance and from 15 % to 29 % for 20 % tolerance).

Gaussian models have better FAR for both stations than other model
types but with a noteworthy variability among the three Gaussian
models, especially for the traffic station for all tolerances (0-82 % for 10
% tolerance, for example). For the traffic station, the Al models have
higher FAR values for all tolerances (>50 %), whereas the Lagrangian
model has the highest FAR values (>50 %) for the background station
for 10 and 15 % tolerances. CFD modelling systems reach average FAR
values ranging from 20 % (for 20 % tolerance) to 40 % (for 10 %
tolerance) for the background station, and from 35 % (for 20 % toler-
ance) to 55 % (for 10 % tolerance) for the traffic station. Additionally,
the CFD modelling systems (11 models) show a remarkable variability
similar to the case of Gaussian ones (3 models).

The average values of BIAS (Fig. 15) are close to unity except for the
traffic station for low tolerances in which the values are around 0.6
indicating a substantial underprediction. In general, BIAS grows as the
tolerance increases. For the background station, SRA is slightly under-
predicted for 10 % tolerance, and there is some overprediction for 20 %
tolerance. For 15 % tolerance neither over nor underprediction is
detected. For the traffic station, the values of BIAS are very close to one
for 20 % tolerance.

For medium and high tolerances for both stations, the CFD modelling
systems have an average BIAS close to 1 for the background station for
10 and 15 % tolerances and for the traffic one for 20 % tolerance. In the
other cases, the CFD models seem to underpredict the samplers inside
the SRAs but more strongly for the traffic station with 10 % tolerance.
We can highlight that the Al models have the closest BIAS values to 1 for
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almost all tolerances and both stations, while the Lagrangian model has
BIAS close to 1 for the background station with low tolerance and for
traffic one with medium and high tolerances. The Lagrangian model
underpredicts the SRA of traffic station for 10 % tolerance and over-
predicts the background station SRA for 20 % tolerances. The Gaussian
modelling systems tend to overpredict the SRAs for the background
stations for all tolerances and for the traffic station with 15 and 20 %
tolerances. In the case of SRA of the traffic station for 10 % tolerance, the
Gaussian modelling systems underpredict to a similar extent as the CFD
or Lagrangian modelling systems.

In general, the variability in the BIAS values is very similar for the
CFD, Gaussian and AI modelling systems in the case of the background
station SRA, while the largest variability for the traffic station SRA is
observed in the CFD and Gaussian modelling systems.

In addition, the same statistics were computed for the different
modified modelling concentration results as indicated in Section 2.3.
The detailed results can be seen in Supplementary Material Section
(Figs. SM.10-12). The results will be discussed briefly in Section 4.3.2.

It is also relevant to investigate the sensitivity of the predicted SRAs
when using the same model but with different type of simulations or
number of scenarios. This was done for two opposite cases. One of very
large SRA, that is, the background station SRA for 20 % tolerance, and
another one for a case of small SRA, such as the traffic station SRA for 10
% tolerance. Simulations from the SZE group were used. They consisted
of a full-month unsteady OpenFOAM simulations and the application of
a methodology for retrieving monthly NO, concentration data from
different number of CFD simulated wind sector scenarios (4, 8, 16, and
32).

There are very few differences in the values of the accuracy, FAR and
BIAS between the unsteady full-month simulation and the scenario-
based estimates for the background station SRA. For the traffic station
SRA, the unsteady simulation has slightly worse accuracy (45 %), higher
FAR (57 %) and underpredicts more (BIAS equal to 0.50) than the
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Fig. 13. Accuracy Index (maximum-minimum range in black and mean value in red) for predictions of the spatial representativeness area of the background (BG,
left) and traffic (TF, right) stations corresponding to the raw estimates of modelling systems grouped by model types (CFD, Lagrangian, Gaussian and Artificial
Intelligence (AI)). Three different tolerances were used (10 % (above), 15 % (middle) and 20 % (below)).

scenario-based estimates. In the group of the scenario-based estimates,
there are no significant differences in the accuracy, FAR and BIAS when
different number of scenarios is used. Very little differences are observed
for the 32 scenarios case for the SRA of background station (Fig. 16).

3.5. Comparison of 2016 annual SRAs

The maps of the annual SRAs from the raw model data for both
stations and for 10 % and 20 % tolerance are shown in Fig. 17. There are
many common areas among the SRAs computed with results of the
different modelling systems, but the SRAs of the background station are
larger than those of the traffic one. In addition, as expected higher
tolerance yields larger SRAs.

The maps of resulted SRAs for both stations and for 10 % and 20 %
tolerances grouped by modelling system types are shown in Fig. 18,
while the information about the SRAs’ sizes can be seen in Figs. 19 and
20. These plots reveal some significant differences in shape and size of
the SRAs computed by the different modelling systems. These results
will be analyzed in detail in the Discussion section.
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4. Discussion
4.1. Annual average NOy concentration maps (Figs. 4-7)

The maps of annual averaged NO, concentrations for the studied
domain obtained from the different modelling systems are qualitatively
very similar to those of the monthly averaged concentrations analyzed
by Martin et al. (2024). Despite the resulted annual maps having many
qualitative similarities estimating the maximum concentration in almost
the same zones, there are notable differences in the magnitude of the
predicted concentrations. The results from the CFD (Fig. 4), Lagrangian
(Fig. 5), and Al (Fig. 6) modelling systems seem to simulate better the
Street-Canyon effects as maximum concentration areas are shifted to a
sidewalk. Gaussian modelling systems (Fig. 7) provide smoother con-
centration maps (much more notable for the NILU-EPISODE model,
which does not include any street-canyon parametrization and uses a
simplified meteorology) with weak gradients and/or maximum con-
centrations areas centered in the street axis. VITO-ATMOSTREET and
CERC-ADMS predict maxima at the street crossings, while CFD model-
ling systems do not show these hotspots due to the explicit modelling of
higher ventilation in crossing areas.

There are also significant differences in the magnitude of the maxima
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Fig. 14. False Alarm Rate (FAR) (maximum-minimum range in black and mean value in red) for predictions of the spatial representativeness area of the background
(BG, left) and traffic (TF, right) stations corresponding to the raw estimates of the modelling systems grouped by model types (CFD, Lagrangian, Gaussian and
Artificial Intelligence (AI)). Three different tolerances were used (10 % (above), 15 % (middle) and 20 % (below)).

in the results of the non-Gaussian modelling systems, and the location of
some of them (Figs. 4-6). The higher ones are obtained by UOWM-
ADREA, UPM-PALM4U, CERC-CIEMAT, AIR-D-CFD-DERWENT, AIR-D-
CFD-BACHLIN and SZE-OpenFOAM unsteady simulation (all are CFD
modelling systems). In contrast, ENEA-PMSS (Lagrangian) and CIEMAT-
SIMPLE (CFD) predict a lower magnitude for the maxima than the
average. These differences could be related to particular features or
parameter configuration of the modelling systems, or the way in which
the emissions data were processed prior to input into the modelling
systems, or the numerical methodology for post-processing the scenario
simulations to compute annual average concentrations (in the case of
non-full-year simulations). In general, the Gaussian modelling systems
(except CERC-ADMS) predict lower maxima than CFD modelling sys-
tems (Fig. 7). There are remarkable differences in the maxima concen-
tration among the Gaussian models’ estimates due to the different street-
canyon parameterizations used by three of them (NILU-EPISODE does
not include any street canyon parameterization). All of these may point
to the importance of accounting for street-canyon effects in detail, which
influences the formation of pollutant hotspots in the urban environment.

Martin et al. (2024) shows a detailed evaluation of the different
modelling systems for computing monthly NO, concentrations, which
are the same ones used in this study. The outcomes of that study
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contribute to a better understanding of the concentration maps gener-
ated for the current study. That study concluded that the models that
account for complex urban geometries (i.e. CFD, Lagrangian, and Al
models) appear to provide better estimates of the spatial distribution of
one-month NO, average concentrations in the urban canopy. Ap-
proaches based on steady CFD-RANS (Reynolds Averaged Navier Stokes)
model simulations of meteorological scenarios seem to provide good
results with similar quality to those obtained with an unsteady one-
month period CFD-RANS simulations. In contrast, Gaussian models
were not able to provide detailed information, unless they include
building data and street-canyon parameterizations as the case of CERC-
ADMS, VITO-ATMOSTREET or RICARDO-RAPIDAIR.

4.2. LVEA

There are several key questions to answer considering the results of
statistical analysis results:

4.2.1. How good are the models’ results predicting the LVEA? (Fig. 8,
SM.1)

Considering the high accuracy index values (70 % on average) and
low false alarm rates (<25 % on average), the modelling systems are
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Fig. 15. Categorical Bias (BIAS) (maximum-minimum range in black and mean value in red) for predictions of the spatial representativeness area of the background
(BG, left) and traffic (TF, right) stations corresponding to the raw estimates of the modelling systems grouped by model types (CFD, Lagrangian, Gaussian and
Artificial Intelligence (AI)). Three different tolerances were used (10 % (above), 15 % (middle) and 20 % (below)).

generally good at predicting the limit value exceedance areas. However,
they tend to underpredict the number of samplers exceeding the limit
value, that is, they underpredict the spatial extent of LVEA. This is
consistent with the fact that the modelling systems predict the no-
exceedance areas (80 % of hits) better than the exceedances ones
(<60 %) due to the underprediction of NO, concentration (Martin et al.,
2024). We have to bear in mind that the emission data correspond to the
road traffic of only the relevant streets (emissions from smaller streets
were not available), and other sources such as domestic heating were not
consider because of the very low contribution in spring. Nevertheless,
these results could vary depending on the urban morphology and
meteorological conditions. Very simplified modelling of stability con-
ditions and background concentrations could also yield to this concen-
tration underpredictions.

4.2.2. What type of modelling systems provides better predictions of the
LVEA? (Figs. 8, 9 and SM.2-4)

CFD models seem to provide more consistent results because they
have better scores for many statistics and are less sensitive to the
different types of model data modification. However, there is a signifi-
cant variability among the 12 CFD-based modelling systems, especially
in FAR and BIAS (see Fig. 8), but such variability is of the same order as
the Gaussian or Al modelling systems with much less cases.
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With respect to the statistical results of the estimates of LVEA with
full-month simulations and the scenario simulations, there are almost no
differences for accuracy index and false alarm rates (FAR), but some
slight improvement (less underprediction) is observed for the BIAS of
the full-month simulation (Fig. 9). It is in agreement with the fact that
the scenario-based methodologies underpredict more intensely the NO,
concentrations at samplers’ location (see Martin et al., 2024).

Other model types such as AI and Lagrangian (in this order) also
achieve pretty good results (Fig. 8). The group of Gaussian models seem
to obtain the lowest values of accuracy and categorical bias (BIAS)
(strong underprediction), but in contrast they have the lowest false
alarm rate which could be related with the strong underprediction of
samplers exceeding the limit value and the NOy concentrations (see
Martin et al., 2024). However, at this point, it is important to analyze the
individual model results (see supplementary material figs. SM.3),
because there is a strong variability. The Gaussian modelling systems
with street-canyon parametrizations (VITO-ATMOSTREET and CERC-
ADMS) parametrizations provide much better results than the simplest
Gaussian setups (NILU-EPISODE), which do not have neither high
spatial resolution meteorological input representing the flows in the
streets nor a street-canyon parametrization to take into account the ef-
fect of buildings along the street on the pollution dispersion patterns.
The results of the Gaussian modelling systems with street-canyon
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Fig. 16. Accuracy Index, False Alarm Rate (FAR) and Categorical Bias (BIAS) (maximum-minimum range in black and mean value in red) for predictions of the
spatial representativeness areas for the background (20 % tolerance, left) and traffic (10 % tolerance, right) station corresponding to the full-month unsteady
OpenFOAM simulations and methodologies based on wind sector scenarios (4, 8, 16 and 32) OpenFOAM steady-state simulations.
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parametrizations are relatively close to the results from CFD, Al or
Lagrangian approaches.

The predictions of concentrations obtained with the modelling sys-
tems can show some bias respect to the observed concentrations at the
air quality stations (see Martin et al., 2024). Removing such concen-
tration bias could improve the estimates of LVEA or SRA. Several model
data modification methodologies have been tested in this study (see
Section 2.3). All of them consist in modification to compensate the bias
of the model concentration estimates using the concentration bias at the
air quality stations or the concentration bias at the samplers’ locations. It
is described extensively in Supplementary Section and in Fig. SM.4.
Concerning to the LVEA predictions, the main conclusion was that, it is
not clear what modelling data modification could be better, but it seems
to be clear that in this case, the model output modification based on
correcting the bias with the station concentration data (MSBBG and
MSBTF) does not provide significant improvements in the prediction of
the LVEA respect to the raw model data. However, more studies in other
urban areas could be needed to obtain clearer conclusions.
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4.2.3. Are there significant differences in the annual LVEA when using
different types of averaging methodologies in the CFD modelling systems?
(Figs. 10-12)

Despite the annual LVEA estimated by the different modelling sys-
tems have many common zones such as the main streets and avenues;
there are notably differences in the shape and size of the annual LVEA
(Figs. 10-12). They can be due to the different types of models. The
larger LVEAs are from the Gaussian modelling systems, and there is the
strongest variability as well (from 15 % of LVEA size respect to the
maximum area for the VITOATMOSTREET model to >95 % for the
NILU-EPISODE model setup). No variability is observed for the
Lagrangian and Al models because there are only 1 and 2 cases for such
model types, respectively.

The CFD, Lagrangian and Al modelling systems provide quite similar
sizes and shapes of the LVEA, but in the case of CFD modelling systems
there is also significant variability. The larger LVEAs are for PALM4U
and OpenFOAM unsteady full-year simulation from SZE (>30 % of the
maximum area), while the smaller are the CIEMAT-STAR-CCM cases
(14 %-18 %). The little differences among the CIEMAT-STAR-CCM re-
sults are noticeable. We keep in mind that these 3 different LVEA size
estimates correspond to 3 different methods for retrieving the annual
mean NO; concentration considering 16 wind sector scenarios (see
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Table 3.a and b of Section 2.2). The simplest CIEMAT-STAR-CCM more complex methodology for retrieving annual NO, concentrations.

(STARS) provides the smaller LVEA (14 %) due to this method also In this case, the estimated concentrations are higher and consequently,
gives the lower NO; concentrations. The other two more complex the annual LVEA is larger (with a size of 21 %).
(STARF and STARD) methods give a somewhat larger LVEA (18 % It is also relevant the fact that the full-year unsteady simulation with

approximately). CERC also used the CFD simulations of CIEMAT with a OpenFOAM done by SZE (SZE—U) estimate a LVEA size (31 %)
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Fig. 19. Mean and range of size of the spatial representativeness areas for the different types of modelling systems for the background (above) and traffic station
(below) and for 10 % (left) and 20 % (right) tolerances. GAUSS = Gaussian modelling systems, CFD modelling systems, LAGR = Lagrangian modelling systems, and

Al = Artificial Intelligence modelling systems.

remarkably larger than the cases of using a wind direction scenario
approach (SZE-C8C and SZE-C16C, with 8 and 16 wind direction sce-
narios, respectively) with LVEAs of 20 % of the maximum possible area.
In addition, there is not significant differences when using 8 or 16
scenarios.

In spite of the comparison with the monthly data of samplers shows
that the number of scenarios used does not seem not to be relevant for
estimating the LVEA using methodologies based on CFD simulations of
wind direction sector scenarios (see former section), the LVEA size
resulted from the data of the full-year CFD simulation could be signifi-
cantly larger for the full year simulation. However, surely further studies
are needed using other modelling systems and urban domains.

4.3. SRAs

4.3.1. How good are the modelling systems predicting the SRAs?
(Figs. 13-15, SM.5-6))

SRAs for low tolerances are more difficult to predict than SRAs for
larger tolerances. It is supported by the clear improvement of the ac-
curacy index, false alarm rates (FAR) and categorical bias (BIAS) from
10 % to 20 % tolerances especially in the case of the traffic station SRA.
In general, the SRA of background station is better predicted than for the
traffic station one (lower accuracy, higher false alarm rate and more
underprediction except for 20 % tolerances). On average of all the
modelling systems, the SRA for high tolerances is rather good for the
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background station (accuracy index >65 %, false alarm rates <35 % and
bias between 1 and 1.3). In the case of the traffic station for high tol-
erances, the modelling systems did not predict the SRA as well as the
SRA of the background station. The improvement predicting SRA is
higher when passing from 10 % tolerance to 15 % tolerance than from
15 % to 20 % for the background station. For the traffic station, the
improvement rate with increasing tolerance is more regular. Addition-
ally, there is an important variability in the results of the different
metrics, which shows an important influence of the modelling types.

As in the case of the LVEA, the modelling systems for low tolerances
predict better the samplers outside of the SRAs than those being inside. It
is more notable for the traffic station with a smaller SRA. In contrast, for
higher tolerances, the modelling systems predicts better the samplers
inside of SRA than those being outside (see Supplementary material,
SM.5 and 6). It is much more related to the size of the SRA, which is
larger when tolerances are higher.

4.3.2. What type of modelling systems provide better predictions of SRAs?
(Figs. 13-16, SM.7-12)

It seems the CFD modelling systems provide more consistent results
with better scores for many statistics for the SRAs of both stations for
most of the tolerances in spite of some variability among the different
CFD-based modelling systems (especially in accuracy and FAR for the
SRA of the traffic station) (Figs. 13-15). Furthermore, their predictions
appear to be little sensitive to the different analyzed modelling data
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Fig. 20. Size (% of non-built area of the domain) of the spatial representativeness areas computed by every modelling system for the background (above) and traffic
(below) stations and for 10 % (left) and 20 % (right) tolerances. GAUSS = Gaussian modelling systems, CFD modelling systems, LAGR = Lagrangian modelling

systems, and Al = Artificial Intelligence modelling systems.

modifications except for AX+B case (see Figs. SM.10-12).

It is important to highlight that scenario-based CFD simulation
methodologies (SZE-CnnC) provides results as good as the unsteady full
month CFD simulations with OpenFOAM (SZE—U) in many cases
especially for higher tolerances (larger SRAs). For smaller tolerances
(smaller SRAs), the SZE-CnnC modelling system (based on OpenFOAM
simulations for nn wind sector scenarios) performs even better than the
unsteady full month CFD simulations with OpenFOAM (SZE—U).
(Fig. 16).

Other modelling system types have also generally quite good results
but with some shortcomings. For example, the Lagrangian model over-
predicts the SRA of the background station for 20 % tolerance; the ac-
curacy index is relatively low for the background station for 10 and 15 %
tolerances and for the traffic station for 20 % tolerances. The false alarm
rates are the highest for the background station for 10 and 15 % toler-
ances. In the case of the Al modelling systems, the accuracy index is
significantly lower and the false alarm rate higher for the traffic station
and 20 % tolerance, (Figs. 13-15).

The Gaussian modelling systems provide its best results for the SRA
of the background station. The FAR values are generally the lowest of all
the model types. However, the accuracy for low tolerances is relatively
low. For 10 % and 15 % tolerances, the Gaussian modelling systems
overpredict clearly the SRA for both stations. It could be much related to
the fact that the Gaussian model does not simulate well enough the
concentration gradients inside the streets (Martin et al., 2024). How-
ever, there is notable variability in the results depending on the
modelling systems. The Gaussian modelling systems with street-canyon
parametrizations provides better results than the simplest Gaussian
modelling systems (NILU-EPISODE) for the SRA of background station
being closer to the results of other model as CFD. However, the
improvement is no evident for the SRA of traffic station (see Supple-
mentary material, Figs. SM.7-9)
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With respect to what modelling output data modification (for cor-
recting the bias of the concentration estimates) could provide better
estimates of SRA, a detailed discussion is shown in the Supplementary
Material Section based on the results depicted in Figs. SM.10-12. The
main conclusion, which is very similar to that for LVEA, is that it is not
possible to determine what model data modification could be the most
suitable because there is not a clear tendency to improve the raw data. It
seems to slightly depend on the modelling approach but it could be very
dependent on the studied case. Perhaps, it could be related to the ability
of the modelling systems to simulate the concentration gradients.
Nevertheless, surely further studies with other urban configurations
should be needed to clarify this question.

4.3.3. Are there significant differences in the annual SRAs when using
different types of averaging methodologies in the CFD modelling systems?
(Figs. 17-20)

Analyzing the maps of the annual SRAs for both stations and for 10 %
and 20 % tolerance (Fig. 17), it is noteworthy that the SRAs estimated by
the different modelling systems share many areas in spite there are
remarkable differences. Additionally, the SRAs are larger for the back-
ground station than for the traffic one, and for the 20 % tolerance, the
SRAs are larger than for the 10 %. This increase in SRA size from 10 % to
20 % tolerance is more evident for the traffic station.

It is remarkable the fact that the most part of the main avenue (where
high NO; concentration is estimated) is out of any of the SRAs from both
stations and both tolerance (except for the SRA estimated by the simplest
Gaussian model, NILU-EPISODE). It is an example of is very difficult to
locate an air quality station to be representative of the air quality in all
parts of avenues or streets with high traffic intensity and pollutant
emissions. It is a big challenge for air quality network design.

Analyzing the results grouped by modelling system types
(Figs. 18-20), we found that the SRAs for both tolerances are clearly
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larger for the Gaussian modelling systems, with NILU-EPISODE yielding
the largest SRAs (>95 % for the background station for both tolerances
and for the traffic station for 20 % tolerance). However, there is a high
variability of SRA computed with Gaussian modelling systems for the
traffic station with 10 % tolerance, but not for the background station
with both tolerances. It is also evident the remarkable variability of SRAs
for both tolerances computed with CFD modelling systems, especially
for the traffic station.

It is noticeable that there are little differences among the SRA sizes
computed with the full year simulation with the OpenFOAM model
(SZE—U) and with wind sector scenario OpenFOAM simulations (SZE-
C8C and SZE-C16C), but it is slightly shorter for the SZE-U being more
notable for the traffic station with 10 % tolerance (when the SRA is
smaller). The SRA sizes obtained with OpenFOAM simulations with 8
and 16 wind sector scenarios (SZE-C8C and SZE-C16C, respectively) are
very similar showing that the number of scenarios do not seem to be
relevant.

On the other hand, analyzing the SRAs estimated by 4 different
methods for retrieving the annual mean NO3 concentration considering
16 wind sector scenarios simulated with the STAR-CCM CFD model
(STARs, STARF, STARd and CERC-CIEMAT), some significant differ-
ences are detected. The simplest method (STARs) provides larger SRAs
than the other 3 methods, while the most complex (CERC-CIEMAT)
yields smaller SRAs for both stations and tolerances. For the background
station and 20 % tolerance, all the methodologies provides similar sizes
of SRAs (>70 %). It means the SRA sizes depends on the methodology for
retrieving the annual mean NO, concentration.

5. Conclusions

The main conclusions obtained of this study are:

The analysis of annual concentrations maps computed the different
modelling systems types (CFD, Lagrangian, Gaussian and AI) used in
this intercomparison exercise point to the importance of accounting
for street-canyon effects in detail, which influences the formation of
pollutant hotspots in the urban environment with very strong con-
centration gradients. This is in agreement with the results of Martin
et al. (2024).

Most of the analyzed microscale modelling systems generally are
good predicting the LVEA and SRA, but there are significant differ-
ences among the different type of modelling systems. CFD modelling
systems (despite some variability) seem to provide somewhat better
predictions of LVEA and SRA, but Lagrangian, Al and Gaussian
models with built-in street-canyon parametrizations provide also
quite good results. However, the modelling systems seem to predict
better the SRA for the background station than for the traffic one.
Small SRAs are much more difficult to predict correctly, which is the
case of traffic stations with 10 % tolerance.

The annual LVEA and SRA predicted by the different modelling
systems is quite similar with several common streets but there are
some relevant variability among the different modelling system
types and among the different methodologies for retrieving the
annual mean NO; concentration using the same model system. The
LVEA and SRA sizes are clearly larger for the Gaussian modelling
systems but much larger for the Gaussian modelling system with no
street-canyon parametrizations.

e A stricking result was that most of the SRAs’ estimates do not cover
most of the main avenue where high NO, concentrations are pre-
dicted, which means that the measurement of the closest stations is
not representative of the pollution in the avenue.

Scenario-based CFD simulation methodologies provide statistical
results as good as the unsteady full month CFD simulations predict-
ing the LVEA and the SRA for higher tolerances (larger SRA). How-
ever, for smaller tolerances (smaller SRA), the scenario-based
methodology improves slightly the results of the full-month CFD
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simulations. The number of scenarios seems not to be very relevant,
in general.

In addition, there are also relatively notable differences in the sizes of
the predicted annual LVEAs and SRAs. The SRAs are larger for the
estimates using the scenario-based CFD simulation approach (more
notable for the traffic station with 10 % tolerance) than for the es-
timates of the full-year simulation. In contrast, the sizes of the annual
LVEA are larger for the estimates using the unsteady full-year
simulations.

It is not possible to determine what model data modification could be
suitable because there is not a clear tendency to improve the raw
data. It seems to slightly depend on the modelling approach, but it
could be very dependent on the studied case. Surely further studies
with other urban configurations would be needed.

An important remark is that air pollution hotspots in a city are
specially located in streets flanked continuously by buildings that lead to
micro-meteorological effects dominated by the street geometry, leading
to canyon effects (reduced ventilation) and formation of air vortexes. In
cities with long and narrow streets, it is very important to include the
effect of buildings on dispersion, be it parameterized (like street canyon
parameterizations in Gaussian modelling or explicitly as in CFD models,
for example). That is the case of our domain in Antwerp (Martin et al.,
2024). In other urban domains with wider and ventilated streets this
may be less crucial. This explains why the NILU EPISODE model without
the street-canyon parametrization does not give so good results in this
case. However, it is used a base reference for the more complex
modelling systems. Nevertheless, NILU-EPISODE is widely used with
good results in modelling applications in Norwegian cities, which have
wider and ventilated streets (Weydahl et al., 2023, 2024; Hgiskar et al.,
2023). In the Antwerp application, however, the present results show as
street-canyon parametrizations should have been used in Gaussian
models.

The novelty of the results shown in this paper is to provide insight on
modelling systems prediction accuracy for the areas of limit value (air
quality standards) exceedance and spatial representativeness of air
quality stations in a complex urban area. However, they could be highly
dependent on the urban configuration of the studied domain and it is
possible that different results could be expected when other urban areas
with different urban morphology, meteorology or emissions are pro-
vided. Haeger-Eugensson et al. (2021) made a study comparing the
performance of different type of models (a CFD model, a parametric
model and two Gaussian models) for 4 different urban environments in
some Sweden cities. The purpose was to investigate the effect of building
layout on air quality to give recommendations to authorities and con-
sultants when setting the models. The results shown the very notable
street-canyon contribution to the NO; concentrations in narrow streets
and the CFD models provided the best results in all urban configuration
with significant difference with the other model types for complex urban
configuration. In Martin et al. (2024), further discussion about the
performance for predicting NO, concentrations of the different type of
models used in this intercomparison exercise is shown. Hence, we
consider that more investigations using other sets of modelling systems
and urban domains is needed.

The results presented in this study along with those of Martin et al.
(2024) are contributing to the development of a guidance or best
practices document for microscale modelling that considers the urban
layout complexity and type of emissions. The objective of such docu-
ment is to indicate the type of microscale modelling systems applied to
air quality assessment, compute exceedance areas, and evaluate the
spatial representativeness of urban monitoring stations that are fit for
purpose.
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