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1. About this doeiment

1.1 Background

Air quality is measured routinely through fixed air quality monitoring stations (AQMS). These stations include high
quality monitors thaftfulfil the data quality requirements as set in the European Air Quality Directive (20@830
Whereas a network ofhiese fixed stations gives information on temporal trends of air quality, the density of the
network is not sufficient to give information on air quality at street level. Some pollutants, especiallyretdted
ones(e.g. UFP, BC & NOx), can show a kigly spatial and temporal variability within a city meighbourhood

While established urban networks of fixed site monitors have spatial densities on the ordef®fkdn2,
concentrations of air pollutants can vary significantly withirl00 m from roa@ways (Snyder et al, 2013; Vanden
Bossche et al, 2015). It is difficult to extend the density of the network of AQMS due to their high installation and
maintenance cost. As an option forward, s@lion of hierarchical air quality observations with suées, air
quality monitoring sites and complementary sensor networks with indicative capacities have been suggested (e.g.
Kuula et al. 2022).

Improved spatiotemporal resolution of mutbomponent air quality data is critical for improved understandifg o

the connection between air quality parameters, human exposure and consequent health effects. In practice, to
assess the impact of air quality on health it is important to have-doae data on air quality exposure; high
spatiotemporal resolution is radred for the correct interpretation of actual exposure (Baxter et al., 2013; Kumar
et al., 2013). Advances in sensor technologies and the availability of portable and sensing foeviwisative
measurementgive rise to new opportunities for mobile mitoring and denser fixed sensor networks.

Thisdeliverable arises from T2.3 on mobile monitoring of nanoparticles and citizen observatories to improve
evaluation of health effects of loAgrm. More specifically D13 (D2.8)mmarizes complementary apprdees to
traditional AQMS in order to assess AQ exposure for health and epidemiological stndi¢s assess policy actions

at urban scaleT2.3 will resulted in a proposed methodology, including involving citizens and mechanisms to enrol
citizens that carbe readily upscaled at European levels.

This is a public document that will be distributed to alllPRBANS partners for their use and submitted to European
Commission as a WIRBANS deliverable D13 (D2.5). This document can be downloaded at
https://riurbans.eu/work-package?/#deliverableswp?2

1.2 Scope of this deliverable

Different approaches can be used to assess ax@o$o pollutant concentrations including Ultrafireerosol
particles (UFP), Black carbon (BC), Nitrogen dioxide),(ld@rticlemass concentration§PM) finer than2.5 um
(PM2.5) athigh spatial scale for epidemiological analysesl for better assessing urban policy actioMobile
sensing platforms andxed sensor networks can be used as complementary tools to data from fixed regulatory
AQMNSs (See e.g. Castell et al., 2017; Morawska et al., 2018; Petgja et al. 2021; Hofman et al. 2082aKuula
2022), to map pollutant concentrations at a high spatiehsity. The aim of this deliverable is to propose a
methodology which will be testedhn the pilot sites within the RURBANS project (V).

The collected higispatial resolution data can, however, be sparse in terms of temporal coverage and, therefore,
needs processing in order to obtdiigh spatial resolution exposure magge., longterm averaged concentration
maps) for epidemiological studi@sid policy assessmerin this deliverable, we focus on approaches that result in
concentration maps that can be used fiprexposure assessment in health studies of lgmgn exposure to air
pollution, and ii) advanced policy assessment at urban scale

The focus of this delerable is to describe different approaches for generation of outdoor pollution maps. As an
option for future applications, these maps can be sditito assess personal exposure to air pollution. Although
personal exposure of individual participants inalte studies can also be directly/individually measured by using

5
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mobile sensors/instruments (Zhao, Sun et al. 2014, Dons, Laeremans et al. 2017, Fan, Pun et al. 2018, Languil
Gros et al. 2022) that the participants carry along during their daily detivit personal exposure monitoring), the
focus of this deliverable is on the variety of approaches to build high resolution pollution maps in the public domain
from which exposure estimations can be derived. This, however, does not exclude outdoor persasarements

as input for such maps (Chapter 3).

Highresolution pollution maps can be of interest for local authorities in a variety of applications; i.e., hot spot
detection, new AQMS locatdition, model validation, evaluation of polidyS | & dzNSedapplicXtions in Table 1).

For the remainder of this document, however, we will focus on the use of these maps for exposure assessment
Because of the size of epidemiological study populations, personal exposure measuramemst feasible.
Epidemiologcal studies rely on outdoor concentrations as an approximation of personal exposure (ideally at a high
spatial resolution). Consistent with these studies, we use the term exposure.

In more detalil, this deliverable discusses mobile measurements and seeisoorks to generate high resolution
exposure (HRE) maps. Such measurements can be collected by citizens or can be collected by research institutes
AQMN. Involving citizens in data collections requires a simple and straightforward monitoring instamdarsef

friendly methodology. When using more complex/expensive instruments and/or methods, there is a need for
experienced staff to perform the measurements.this deliverable we make a distinction betweeobile/fixed
measurementsand experimental deignswith/without citizens (seeFigurel).

Mobile Mobile

with without
citizens citizens

Fixed Fixed
with without
citizens citizens

Figurel: Schematic overview of different approaches for collecting dathiftrresolution exposure mapping as
discussed in this deliverable

The collected data cabe processed and anadgd using only measured data or using interpolation /modelling
techniques like Land Use Regression (Hi#Red or machine learning models. Tledested techniques used for
data processing may have an impact on the required datectan approach.

6
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1.3 Users of the data of these higiesolution maps

Whereas the focus of this deliverable is to describe approaches for better exposure assessynentddwmr
concentration maps, mobile mapping and sensor networks can also be used for other applications. In this section
we give an overview of different use cases for high resolution concentration maps, while focusing on exposure
assessment in the remader of the document.

The users of the highesolution concentration maps/data are:

Researchers

Epidemiologists

Local authorities (municipalities/cities)

Regional authorities (e.g., exploiting AQMN)

Stakeholders working on navigation (e@armin, TomTom, Polar): e.g. (healthy) routing applications
Stakeholders working on health technology/wearables (e.g., Apple, Fitbit, Garmin, Polar): such as smartwatch
trackers

9 Citizens who are curious of the air pollution in their street

1 Real estateagencies that provide air quality labels for their real estate

1 Other endusers who are interested in the variability of air pollution in khigholution.

= =4 =4 4 -8 -9

Cities and AQMskan also be interested in using these higlsolution maps/data for:

1 Hot spot detecion (e.qg., for selection of relevant new AQMS locations or targeted abatement policies)

1 Evaluation of policy measures (when comparing data collected before and after introduction of the measures,
e.g., traffic measures)

1 In support ofevidencebased policies: e.g., target areas for policy measures to reduce exposure (e.g., location
of facilities for vulnerable groups like schools or hospjtals

1 Evaluation/improvement of dispersion models

1 Exposure assessments in health studies

1 Implemeration of route-planner apps which can help citizens understand and reduce their exposures to air
pollution.

1 Gapfilling for certain pollutants not monitored by the networks (e.g., UFP, BC, LDSA), using virtual sensor
proxies

Local authorities (municipéies/cities) are important stakeholders and can also play a role in the recruitment of
citizens. The involvement of citizens is discussed in this deliverable (Chapt#ve2will focus here on
recommendations on how citizens can be motivated and engagddhaw results/feedback can be communicated.

How the information from thi©13 D2.5 has tobe taken up by the stakeholders is part of WP5/WP6. Finally, T6.2
will focus on how the developed concept can be integrated in a sustainable way in 2@ the engagement
strategies that can be used.

1.4 Examples of use cases

Different use cases requiteghly spatially resolved air quality data in a specific manner. The use of sensor networks
or mobile monitoring can give insights that are currently not feasible based on regulatory AQMN alone. However,
the required density of the data (moving speed/mimming resolution), the setip, potential confounders
(noise/turbulencel/vibrations), pollutants measured, required data quality will vary from one use case to another.
Also, the added value of engaging citizens depends on the useTaisel below gives an overview of possible

use cases and highlights the most important requirements.
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In this deliverablewe focus on the use of highesolution maps forexposure assessment in health studies
However, these maps can also be used for other use cases. Note that the data processing, data collection o
monitoring setup might be different depending on the considered use case. Some requirements linked tecspecif
use-cases are listed ihablel, however, this is not an exhaustive list.

Best practices and tools when deploying mobile or fixed sensor netweds honitoring setup/calibration/data
processing/communication) have also been described in several guidebooks/blueprints:

Air Sensor Guidebook

AQMD Sensor Educational Toolkit

VITO Blueprint for Municipal Air Quality Sensor Networks
VAQUUMS Air Quality Sensor Roadmap

Assessing air glity through citizen science, EEAR report 19/2019

= =4 =4 —a -9

These guidelines primarily focus on stationary networks of sensors and do not extensively address mobile
approaches. Moreover, in some cases they focus on commbaigd sensing, including guidelines diaizens on

how to use these sensors. The US EPA sensor Guidebook lists applications for sensors like education ai
information; hot spot monitoring and source charactation; supplemental monitoring (in addition to fixed
AQMN), personal exposure; awaess raising, research. The current version will be updated in 2022
(https://www.epa.gov/airsensortoolbox/how-use-air-sensorsair-sensorguidebooR.

Tablel: Overview of different use cases and associated requirements forrkigiution air qualitymaps

Use case User Requirement

Hot spot detection: in an Policy maker | Spatialmonitoring coverage: entire city or
industrial or in an urban Company targeted monitoring setup

setting citizens

Evaluation of mobility plans | Policy maker, | Representative sampling (both in time & spac
(Low Emission Zone, citizens

pedestrian zone, school
AGNBSGasXo
Evaluation of action plans: | Policy maker, | Representative sampling (both in time & spac
e.g., inan industrial area; can| citizens compound specific analysis

be an action to reduce
pollution or an action that is
thought to deteriorate air
quality in the surrounding

area.
Evaluate (the nee for) Researcher End resulcan be compound specific;
new/alternative AQMS Policy maker | Interdependency between the new and existin]
locations observation sites (network optirsation)

Source identification for Citizens and Need to have sufficient data coverindpanad
secondary pollutants (e.g., | policy makers | spatial area. Example: CAPTOR project
ozone in rural areas) (https://www.captor-project.eu/es)

Evaluate exposure in specifi¢ Exposure Representatie sampling (both in time & space
location, such as school scientist, compound specific analysis

surroundings (both Policy maker,

environmental and health Concerned

related) citizen
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Evaluate cleanest routes to | Exposure Representative in terms of sampling platform,
school scientist routes, means of transportation, air quality
Policy maker | compound.
Company,
Student /
Parent
Evaluate exposure in health | Exposure Representative in terms of locations, people,
studies (a.o0.. HBM) scientist routes. High accuracy
Impacts of cooking emissiony Policy maker | Locations/number of sensors
from restaurants in cities Accuracy:mportant when focused on absolute
values/source attribution, not priority when
focused on awareness raising (plume/event
detection + impact hours)
Wood burning problems in a| Researcher Locations/number of sensors
neighbourhood: gather Policy maker | Accuracy: important when focused on absolut
evidence and evaluate impagq Citizens in the | values/source attribution, not priority when
neighbourhood| focused on awareness raising (plume/event
detection + impact hours)
Alert network during Researher High density network, peak detection
calamities Policy maker | Accuracy of lesser importance (e.g. forest fire
Company
Citizens
Improve air quality modelling| Researcher High accuracy!
by increasing number of Compound specificity.
validation locations (in
addition to regulatory
monitoring network)
Raisingawareness of citizens| Citizen Representative in terms of
(on air pollution/spefdic awareness locations/sources/locations
sources) Communication is key
Accuracy of lesser importance
School educationirst grade | Students Communication is key
(introduction in AQ) Accuracy of lesser importance
School educatiortdigh school| Students Communication is key
(evaluations/experiments) Accuracy of lesser importance
Adults (participation in a Citizens Communication/feedback is key
network)
Wood burning problems in a| Citizens, city Communication/feedback is key
neighbourhood: raising officials Accuracy of lesser importance
awareness Need to put the different air quality
parameters irperspective against other health
hazards
Evaluate exceedances of lim| Regulatory High accuracy
values monitoring Longterm calibration approach
Provide real estate with AQ | Company High accuracy/comparability; Compound
labels specificity
Providehealthy routing Company, Qualitative (e.g. avoiding peaks/trends) vs
services Citizens Quantitative (Accuracy!)
Provide exposure metrics in | Company, Qualitative (e.g. avoiding peaks/trends) vs
health applications/wearable{ Citizens Quantitative (Accuracy!
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2. Citizen involvement and motivationGeneral recommendations and best practices

A significant part of the EU society is worried aboutaglity butis unaware of EU air quality regulations and the
current air pollution levels in their countries (Perello et al., 2021 and references therein). The involvement of
citizens in air quality monitoring is a growing practice, recommended by the Europeanremsivial Agency (EEA,
2019), that can bring important benefits to both science and society. Some of these benefits are described below.

2.1 Scientific and societal benefits of citizen science for air quality monitoring

From a scientific point of view, ciéia science experiments in air quality monitoring can help to obtain reliable, up
to-date, costefficient and highresolution air quality data in a timely manner. Higpatial resolution air quality
monitoring is particularly necessary for effective expesassessment of pollutants of high spatial variability (e.qg:
NQ;, BC and ultrafine particles) (Perell6 et al., 2021 and references therein), and for validation or calibration of
urban air quality models. However, the access to traditionally measuredrégghution data is limited by its high
costs. Depending on the nhumber of volunteers, citizen science experiments can be used to measure air pollutant:
in large areas at high spatial resolution (e.qg., street level), and complement data from the officiatnaffia air

quality stations, which are often insufficient in number. Citizen science may also motivate the development of
innovative solutions to air quality problems.

In addition to scientific benefits, experiments involving citizens can promote yp@sitianges in society by, for
instance, increasing public awareness to air quality problems, and influencing environmental activism and
policymakingHuyse, Bachus et al. 201@)itizen science experiments also motivate public learning aboutcgcien

and scientific methods (Perell6 et al., 2021), and enhance retention of information in comparison with traditional
learning methods (Vohland et al., 2021 and references therein). Through air quality citizen science projects, citizen:
learn abouttheclBy & &adF 4GS 2F FANI ljdz- £t Ade Ay GKSANI O2YYdzyA:(
5AaaSYAYIlIGA2Y 2F A0ASYGATAO NBadzZ Ga o0So3adxr (yz26f SR
contributes to public environmental awareas and engagement, scientific interest and future public inclusion. An
important advantage of citizen science experiments is that they may lead totéomg changes in public
environmental perceptions and behavior, which may then contribute to air quiatiprovements. For instance,
participants may opt for environmentally friendly actions such as the use of public transportation, advocate for
increasing the number and size of green spaces at the community level, etc.

2.2 Recommendations on how to motivatnd engage citizens

Motivating participants is essential for the success of any citizen science project. Below, we list some examples o
how to motivate public participation

Educating participants on the air pollution levels they are exposed tindtance, during daily commuting routes,
and on the effects that this exposure may have on health may motivate citizens to participate in air quality studies
and take actions to decrease air pollution.

Educating participants on the complexity of air padut like various pollutants, meteorological impacts (e.g., wind,
temperature inversions), chemical reactions (e.g., photochemistry) and source contributionsl{oursiary,
regional, local) in order to manage citizen expectation.

Public engagement increas when the values of citizens and their community concerns are taken into
consideration (Vohland et al., 2021, and references therein). For this reason, whenever possible, citizens shouls
participate in every step of the project and be considered redeégam members rather than users. Citizens and
communities may contribute to the formulation of research questions, search for scientific methods-dedelop

project rules. For example, in the xAire project in Barcelona citizewesigned the study bgleciding on which
streets the N@Palmes tube passive samplers should be placed (Perell6 et al. 2021)
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Diverse entrypoints and levels of commitment may increase citizen engagement (Vohland et al., 2021). As an
example, the CitieSlealth project developeih Barcelona offered citizens three levels of participation: one in
which citizens only answered healtblated questionnaires and provided their residential address for air pollution
exposure estimation; one in which, in addition to the above mentioriedy shared their geolocahtion (to be

able to use spatiotemporal air pollution predictions); and another one in which, in addition to the previous
information, they carried a passive tubes to measure tidcentrations (Basagaria et al., 2020).

Citizen science studies should not require from the participants advanced skills or too much preparation as
prerequisite. As participants often lack a scientific background, citizen science projects should relytoA&asy

tasks, and readyo-use, eag-to-understand monitoring sensors/sampling/indicators rather than complex ones.
One example of this is citizen science contribution in Healthy Outdoor Premises for Everyone (HOPE, Petéja et ¢
2022) project in Helsinki that distributed simple to use noolinponent sensors to the citizens with automatic data
collection and upload to cloud service and vissadibn. This allowed the citizens to explore air quality in their close
vicinity with ease (Rebeirblargrave et al. 2022).

Involving as many actors a®ssible in the citizen science experiments (e.g., public and private sectors; policy
makers, etc.) improves synergies and supports the development of efficient air quality regulations, which may
further motivate future citizen participation.

Communicatio is key to obtaining realistic expectations from citizens and avoiding disappointment, e.g., on data
quality, use of data, own impact¥Workshops or other community events can be useful to clarify to citizens the
research motivations, to discuss what vii# done with the information collected, and to clarify what they will
20U01FAYy o06S®3Idsr | NBLRNIOC YR ¢6KSy> FyR (G2 YFEyF3aS OAi
project results in a timely manner, and acknowledging citizens paatioin, particularly in scientific publications,

are suggested to increase satisfaction and motivation of participants for future collaborations (de Vries et al., 2019).
Sharing preliminary results and/or personal reports (persaediiesults) with the peticipants during the project,
instead of only at the end of the project, may also increase motivation.

2.3 Ethics for citizen science experiments

Just like with any other research involving humans, ethics is a major issue for citizen science stuies,sisdies

often collect personal data, geolocation and individual exposure to air pollutants. However, the ethical implications,
and therefore the actions needed to implement, may vary depending on the nature of the study. E.qg., it is not the
same to paticipate in measuring air quality in a given public location than measuring personal exposure to
pollution, which includes addresses and routes that can lead to identifying the participant. When health data are
including ethical issues are even more coicgiked.

In general, before taking part on the study, all the participants should sigri@med consent formwhich contains

the purpose of the study, all the potential risks and benefits the participant are exposed to during the study, the
type of persmal data collected and their freedom to decide how the data will be used. The form should also contain
information on who will have access to the data (hame and position of the responsible personnel) and contact
information of the investigators.

The parttipants should be aware of their freedom to withdraw their participation from the study at any moment
(Kocman et al., 2019) and to request elimination of their personal data from the study or limit the usage of their
data for future studies (Basagafia et, &020).

Consent forms may be dynamical in nature, being updated whenever the researchers or participant researchers
FSSt GKIFIG ySg AyTF2NX¥I(GA2Yy aK2dzZ R 6S | RRSR 0+2Kfl YR
of consent forms to issudabat may arise throughout the projecthe dynamic nature of consent forms may also
raise issuesesponsiblenvestigatorsneedensure that theycomply withnational and/or regional guidelines.
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Regarding data security, citizen science studies shoufglyowith theGeneral Data Protection Regulation (GDPR)
and any other local or institutional regulations to ensure protection of personal data. For this purpose, all personal
data collected by the project (including questionnaires and sensors) shouldopgrasedbefore data analysis to

avoid identification of the participants. Similarly, project results should be released in an aggregated form to
preserve participants identity. Persorsdd reports sent to individual participants are possible and often an
important motivation to participate in a study. Identifiable information should be kept in a password secured
environment and accessed only by auttsexd personnel. All the project personnel should be trained in how to
handle confidential personal datand sign confidentiality agreements (Basagafia et al., 2020). In addition to
protecting personal data, project photos that allow identification of participants should not be published without
previous consent (Vohland et al., 2021 and references therein).

Other ethical considerations include treating participants as research partners and not just as data providers or
GFNBS fl02d2Nk o0& Ay@2f gAay3ad GKSY Ay GKS RSOAaAzyas |
risk that potential biaseef the researchers or participating citizens can influence the results.

2.4 Recruitment process

Recruitment of participants can be done for instance through announcements on social media, hewspapers and
outdoors e.g., in metro stations or similar pulgiaeces.

Researchers are recommended to investigate motivations and obstacles for participation, and offer tasks that
require different levels of engagement based on participants interest, availability, experiences and motivation
(Vohland et al., 2021). Whithe level of participants' experience should be taken into consideration, inclusive
O2YYdzyAOF A2y &GN} GS3IASE aK2dzZ R 0SS dzZASR® C2NJ Ayadl.
participants (Vohland et al., 2021).

Simple training shald be provided for all the participants explaining project objectives, methodology guidelines,
data quality requirements and instrumental usage. A short general introduction to air quality can also help; the
level needs to be finéuned for the target grap.

To avoid frustration, demotivation and participation withdrawals, researchers should be aware of the participants
motivations and clearly explain how the project goals align with their expectations. Especially, it should be clear
that participating ina research study may not directly lead to changes in environmental policies. One way to
improve the level of citizen commitment is to organize an event midway through the citizen science project with a
target to discuss initial results, tackle technicahiidénges and provide an update on the scientific objectives and
recent findings. This also underlines to the participating citizens the continuing commitment and progressive
insights of the scientific team. To conclude the action, it is important to orgamiclosing event.

2.5 Representativeness and diversity in citizen science

Diversity in citizen science recruitment improves inclusiveness, and brings varied experiences and perspectives t
the project which may result in technological development andoumtive solutions. Whenever possible,
participants should be selected from different seeiconomic backgrounds, cultural status, educational level,
location, ethnicity, disabilities and gender. Workshops where successful female scientists talk about their
experience in science may be a good way to motivate female participation in citizen science (Vohland et al., 2021)
Inclusion of including different ethnic groups may be difficult especially if language problems play a role.

The development of tools thafiacilitate the participation of people that would otherwise have difficulties in
participating in the study are also recommended. ThBIOSES project (funded by Horizon 2020) for example,
complemented the odour pollution data collection method, traditiigadone via a smartphone application, with
0KS dzaS 2F dhR2dz2NJ RAFINAS&E FAYAY3I +Fd AYyONBlFaAy3da K
(e.g., the elderly). Alternatively, training on the use of mobile applications and participatdifierent languages
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could be offered to improve inclusiveness (Vohland et al., 2021; and references therein). In general, data collectior
strategies should adapt to the varying community capabilities (e.g.,-s@cinomic levels) and concerns (Vohland
et al., 2021).

2.6 Data collection
2.6.1 General

Air quality citizen science studies often require citizens to measure air pollutants or report on the participants'
perception of air quality (e.g.,-NOSESVohlandet al., 2021). Because citizen science participants often lack
scientific background and often the air quality sensors used in these experiments are less accurate than reference
methods, data quality is a common concern in citizen science projects.ovévér, may be less of an issue in co
created citizen science projects, with involvement of researchers and research grade instruments. Citizen scienc
is not synonymous with the use of levest sensors (Froeling, 2021).

Data quality has a direct influeaon the project impacts (Kocman et al., 2019; and references therein). One should
not get the impression that a citizen science study equals a study witkdetvsensors. Citizen science studies can
indeed use researclevel equipment and, in any casdiet data obtained must be as accurate, complete and as
relevant as possible. Of course, this needs to be balanced with budgetary constraints, but one should ensure tha
the project will provide data that is useful, otherwise there is no point in conduthiegnonitoring campaign.

Other considerations apart from quality of the data come to play when deciding the sensors or instruments to be
used, for example that they are light weight and small (if they need to be carried out by citizens for some period of
time), and that its instructions of use are easy to understand (Kocman et al., 2019; and references therein).

Researchers and citizens are encouraged tereate standards for data collection, deciding for instance the
location at which sensors should Ipéaced, for example to capture certain sources, to have good geographical
variability, or to cover places that are frequently visited by citizens or certain vulnerable populations (e.g., children
or the elderly). Other issues such as the time or frequesfapeasurement can also be decided in collaboration
between scientists and citizens. Citizens can also help in making the study protocol or instructions more
understandable. In addition, researchers and participants mageselop strategies to avoid miseduct of
research participants. Finally, the project should make all the efforts to generate data under the FAIR (findable,
accessible, interoperable, reusable) principles.

2.6.2 Lowcost sensors fair pollution monitoring

Since air quality mage measired at a large number of locations in citizen science studies, common budgetary
constraints will point towards the use of legost sensors or passive samplers. Nowadays there exists a wide variety
of low-cost sensors for measuring a wide range of polltgamcluding gaseous (e.g. N@) but also particulate
matter (PM).

While lowcost sensors are still unavailable for measuremerfitsitrafine particles (UFRMorawska et al., 2018),

PM concentrations can be measured by light scatteringdogt sensts. These sensors however are only capable

of measuring particles starting from 0.3 pum in diameter, as smaller particles do not scatter light sufficiently and
therefore cannot be detected by the photometer (Rai et al., 2017). It is important to noticéhialgorithms used

by some sensors to convert signals to particle size are potential sources of error for particle size classification (R:
et al., 2017; and references therein). For this reason, the use of size selective mechanisms, such as imgactors at
filters, to select particle size (e.g., < 2.5 um) before entering the instrument are recommended (Rai et allf 2017).
is also very important to note that measuring PM in high relative humidity conditions is very complex since
condensation of water intderes with PM measurements, without any possible correction.

In terms of performance, the intesensor variability is usually rather small while the comparability with the
reference method can be significant. As environmental variables such as temperature and relative humidity may
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affect sensors performance, userseeaadvised to calibrate the instruments under conditions that are similar to
those found at the experimental location (Rai et al., 2017). In general, the overall performance of PM sensors is
considered reliable when the instrument is properly used andkd (Kocman et al., 2019, Hofman et al., 2022;

Rai et al., 2017). Monitoring devices are discussed further in Ch@ayteobile) and) (fixed).

2.7 Data validation

Quality control of the sensors or passive samplers used for citizen science studies should be carried out before
during and after the measurement campaignise Bensors and/or samplers used in the study should be collocated
and compared between themselves and against a reference instrument before the start of the study to ensure their
performance is acceptable for data collection. During data collectionais@sadvised to perform continuous (e.g.

keep 3 sensors elmcated next to AQMS) or periodic (e.g. periodielamations of used sensors during project)
inter-comparisons to assess their performance after some use. Finally, after the measurements laed fillithe
sensors should be collocated to evaluate their performance at the end of the study and identify potential
malfunctioning. This methodology, amongst others, was implemented by Karaguliaf2&2dl)and Hofman et al.

Data quality may be validated for instance through the use of testing protocols that aim to estimate the
performance of air quality sensors used in the citizen science stuthynmparison with reference instrumentation.
Examples of parameters that can be tested are: linearity between concentrations measured by a reference
instrument and those measured by the sensor; accuracy; precision (variation in concentrations fromngousta
measurements); response time to changes in concentrations; lowest detection limit (lowest reliable concentration
measured) and detection range; effects of changes in temperature and relative humidity on measured
concentrations; and interferences cagsby the presence of other air pollutants (Morawska et al., 2018).

2.8 Dissemination of results

Dissemination is an essential step to inform the general public about the study and the importance of the results
to society (Arévalo Nieto et al., 2016).daese the project results should be disseminated to different types of
audience (e.g. scientific community, general public, peti@kers, etc.) it is recommended that different
divulgation and communication strategies are used for each audience growm{@dieto et al., 2016).

Dissemination of project results and lessons learned is usually done through scientific publications, conferences
social media, newspapers, etc. While these forms of dissemination are efficient to inform the general puplic, the
I NB -él28 SySaal 3Sa¢ GKIG R2 y2d SyO2dz2N»y 3S FSSRol Ol & 1

Specific activities for dissemination of citizen science project results should be put into practice to allow discussion
and questions from all the participants in the stualyd other audience that could be interested. For instance, it
can be done through science cafes, where participants have the opportunity to ask questions, ask for clarifications
or suggest actions. Other options could be online webinars/workshops omafffestive meetings with time for
guestions and discussion. Interactive dissemination events are often more inclusive in terms of local participants
and stakeholders; hereby facilitating behavior change and local impact in communities more easilyeh#ficsci
papers or reports.

2.9 Impact Assessment

Citizen science projects may have a number of positive impacts on the scientific community, the citizens, the
environment and society as a whole. Kocman et al. (2019) and references therein identifitetdntireas in

which the impacts of citizen science projects may be assessed: scientific, individual, environmental, societal anc
health.

Some examples of impact assessments from the scientific point of view would be the generation of new scientific
knowledge, e.g., the number of innovative publications and theses generated by the project as well as number of
citations (Kocman et al., 2019; and references therein).

14
RFURBANSWww.RIURBANS.8us supported by theeuropean Commission under the Horizon 202Research and Innovation
Framework Programme, H202B6D-2020, Grant Agreement number: 101036245



http://www.riurbans.eu/

RFURBANS
WP2 Deliverable 13 (D2.5)

The impact on individuals may be measured by improved personal skills and the particatsiaction, evaluating
motivation levels and the participants intention to continue participating in citizen science projects in the future
(Kocman et al., 2019; and references therein). Phillips et al. (2014) created an evaluation framework frahdivi
learning that takes into consideration changes in behavior and stewardship; increase in interest for scientific topics,
activities and careers; confidence on one’s ability to participate in science; and knowledge about scientific
processes and resedrconduct, among others (Kocman et al., 2019; and references therein).

The project impacts can also be measured in terms of environmental improvements, for example enhanced air
quality as a consequence of changes in community’s behavior or project icdldiehanges in air quality policies.

Societal impacts may be an increase in public awareness for environmental issues, or an increase in the number ¢
environmental policies created. Citizen science projects may also be evaluated in terms of improvaments
communities' health (Kocman et al., 2019; and references therein).

The abovementioned outcomes may be evaluated for example through (i) diaries-énson events; (ii) online

and phone interviews; (iii) satisfaction and satsessment surveys; (iv) group discussions, (v) workshops; (vi)
observation of participant behaor (ethnography), and (vii) by questionnaires that assess knowledge about science
and understanding scientific methods (Kocman et al., 2019; and references therein). These evaluation tools, wher
combined, provide both qualitative and quantitative datadamay be used before the project begins, during and
after the project is finished.

In addition to the abovementioned tools, participants are recommended to-aesignimpact assessment
protocolswith the researchers (Kocmaat al., 2019; and references therein). Some projects su¢hZBIRE&Nd
MICshave developed tools for impact assemnt. This bottoraup approach creates assessments based on public
interests rather than solely political or scientific aspirations. One way to involve citizens is to create an interactive
assessment where the protocol is changed based on participants dekdp which may include evaluation
questions, anticipated impact outcomes, and the best way to estimate their value (indicators) (Kocman et al., 2019;
and references therein). Citizens may also collaborate on the impact assessment data collection, ardhlysis

the elaboration of the impact assessment report.

3. Mobile monitoring

3.1 Objectives and data needs

A mobile platform provides the possibility to sample spatially diverse environments in a limited time and with a
limited number of (costly) monitamg devices. Together with advancements in air monitoring instrumentation, such
as higher time resolution and greater portability, these platforms can capture the high variability of air pollutants
in space and time in a complex urban terrain. At the sime, mobile measurements usually consist of only a few
seconds of data per street segment, needing temporal aggregation in order to be representative for the long
term/average exposure. Fixed sensors/instruments provide -hégiolution time series of aiquality data,
representative for one location, but offering low spatial coverage. So mobile platforms can serve more locations
but need more repetitions in time, whereas fixed sensor networks provide temporal profiles but at a limited number
of locations.

In this section, we describe the objectives and data needs for mobile mapping in terms of exposure assessment
The approach of mobile measurements and the requirements for theigegind instruments might be different

when one wants to make an air qualityap for exposure assessment as compared to a map for hotspot detection.
Data collected during mobile measurements can be used (i) directly, (ii) to evaluate dispersion models, (iii) as inpu
for data-driven models (LUR, machine learning or others). Heeegconsider mobile measurements when data is
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collected by instruments that are in motion; opposite to data that is collected by portable instruments that are
moved from one location to another in order to collect stationary data over short periods.

3.1.1 Mbnitoring strategy

It is very important to think in advance about the monitoring strategydr! Reference source not founeklated
to the useof data beforedata collection is started. Slight changes in the data collection scheme might result in

considerable improved final results. At the same time, the requipmspnnel) efforts need also be taken into
account e.g. opportunistic data collection can result in a wealth of data with limited staff resources.

Air Quality in Time & Space
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Figure2: Difference between mobile and fixed air quality measurements in termmoitoring setup and device
requirements

In this section, we reflect on the data needs on different levels (measurement scheme, monitoring devices, data

processing...as function ohow datawill be used for and how they will be processed. At the same time, the data
processing itself is important for the final result.

The monitoring setup for mobile measuremenEsor! Reference source not founyi.e. air quality measurements
LISNF2NXYSR 2y | Y20AfS LA LFGF2NY o6l f1Ay3a LISNE2YS OA
mobile platform, measurement timing (e.g. hourd the day), location and routing will determine the
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representativity of the data for the intended application. Thinking about tn&golution exposure maps, it will be
important to collect enough monitoring data in both space and time to represent theageeair pollution
exposure. Moreover, while one can opt fodedicated monitoringapproachstrictly defined in terms of considered
route/number of repeats/hours of the day, aspportunistic approachcould allow for the collection of more data
(ntmeak &LJ OS0 dzAAy3d SEAAGAY3I Y2o0AtS LIXIFGF2NYa 06583
However, design of each approach (e.g. study population) has also an impact. Mobile instruments and I0oT sensor
are diverse and specific requiremengse applicable for mobile monitoring (e.g. high monitoring temporal
resolution (depending on the mobile platform used), low response time, relevant pollutants, GPS functionality,
portability). In order to obtain time and space representative data, theect#d point measurements will need to

be processed, either (i) by aggregating /averaging the measurements (ii) by using measured data and statistice
G§SOKYAIldzSa G2 AYyGSNLREIGS 0Si9o qSaferad at¥lS ROA0 HodrSet .,y a G I
2018; Peters et al., 2014, Qiu et al., 2019; van den Bossche et al., @0(i) by training models (LUR or machine
learning), often in combination with contextual data (e.g. meteo, traffic, spatial) to explain the observed
measurements and extrapolate to unknowime/space instance@oniardi et al., 2019; Do et al., 2020; Hoek et al.,
2011; Hofman et al., 2022a; Lim et al., 2019; Qin et al., 2022; Van den Bossche et al.Dat@2@yocessing is
further discussed in one of the next sections.

Compared to mobile measurements, fixed air quality monitoring is more straight forward in terms of setup and
instrumentation. As the location is fixed é@rtontinuous data is being collected, the approach is by definition
representative for that location. However, this representativity of primary importance depends on the considered
source environment (urban background, roadside, rural), wind directionctiped requirements (power,
connectivity, spaag Xand is sometimes also a function of practical constraints (power supply, fixing material...).
Fixed measurements do not require a high (<1 min) monitoring resolution and are more stable/controlled in terms
of turbulence, vibrationsfi S Y LIS NJ AgdaiNX8a&a cXn be reported per location, or inter/extrapolated by
YFEGKSYFGAOFE (GSOKyAljdzSa o0L523 YNARIAYIZX0 2N [} wk Yl

Data needs for mobile monitoring that havelie defined are related to (see alBigurel):

1 Monitoring setup (route/area, time) =measurement schemdhis is a function of use case

1 Parameters/pllutants to be studiedpf course,this is function of the data use; when looking at spatial
monitoring for exposure mapping it is important to select the parameter that has a strong spatial variability
and is of importance in terms of health effects;.dtgs not relevant to start mobile mapping for a parameter
that is expected to have no spatial variability or is not relevant in terms of health effects. It might be useful to
map a pollutant that has no direct health effects but is a good proxy forremdtealthrelated pollutant.

1 Data processing: which data processing models are gsed data extrapolated / interpolated?

1 Main distinction between measuremeioinly maps or maps constructed with models (for example LUR or
statistical/machine learning nuels)

1 Data use: two main categories (considered in this report) can be made. Exposure assessment versus hot spc

detection: a different data collection approach is used in terms of route/ time.

For exposure assessment we focus on mabéasurements to construct exposure maps

Exposure maps to inform epidemiological studies

Exposure maps to inform public and policy

For hot spot detection, distinction can be made between known and unknown hot-spstseening around a

known source (ora@urce area) to assess impact on the environment versus screening in-wigtdyarea to

find main hot spots

1 Monitoring devices; some specific requirements for mobile mapping are:
0 Response time
o Interferences (fast changing conditions in terms of congitns and interferences)
0 Accuracy

= =4 -4 -
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o Practical requirements: portability, resilience to shocks and vibrations,...

0 Pollutants to be studied

o0 (High) monitoring resolution (depending on the mobile platform, typically <1 minutd0-~gec)

o GPS

1 The requiremats can be finduned in function of:
o Data use: (see points above); the accuracy might be different for exposure assessment compared to hot

spot detection

o Platform of mobile monitoring: with citizens versus without citizens

1 Data processing: Thequired data processing is a function of data use (at what spatial and time resolution are
data needed) and of data collection strategy

3.1.2 Targeted versus opportunistic approach and involving citizens or not

Mobile monitoring can be performed byepeating predefined fixed routesor using a moreopportunistic
approach using a carrier that performs the measurements during itstdagay activities without intervening with
these activities. Mobile monitoring can be performed with or without the helpitifens.

Another term used in relation to mobile sensing with citizens is Mobile Crowd Sensing (MCS) (Brahem et al., 2021
al{ RSLISYRa YlIAyfteée 2y (déblednioBile dficesi(&dS smaipiRonds)Sddried aloiyy a
during their daily advities, to collect for a particular sensing task. However, currently no mobile devices exist that
have good air pollution sensors integrated.

Mobile crowd sensing refers to a broad range of community sensing mainly participatory sensing and opportunistic
sensing; Brahem et al. (2021) explaarticipatory sensin@s data collection by citizens who measure their own
exposure and observe their owanvironment. When data collection is entirely automatic, the data collection is
referred to asopportunisticsensing. In the remainder of this deliverable, we refer to opportunistic sensing not
strictly to approaches where all data collection is entialyomatic but relate it to the way the data is collected in

time and location (not predefined in terms of routing/data coverage).

Van den Bossche et §2016) defined opportunistic mobile monitoring as data collection making use of existing
carriers to mee measurement devices around. The movement of the carriers (the travelled route) is uncontrollable
from the point of view of the researcher, as it is not designed and performed with the data collection in mind as
primary goal. The data collection takesvadtage ofexisting mobile infrastructureor LIS 2 L SQ& O2YY?2
routines. This contrasts with targeted mobile monitoring, which is a coordinated, goal driven approach in which
the mobile measurements ardeliberately planned and carried out with a spdit purpose in mind The carrier

can be citizens, a certain professional group (e.g. city wardens, home nurses, taxi drivers), but also a vehicle (post
van, bus, tram...).

Opportunistic mobile monitoring is a promising approach to collect large datatlsatsgyive useful additional
information at a reasonable cost compared to classical data collection methods. But, depending onupeotet

the data collection, such new data can lead to new challenges in data processing and interpretation. Campbell e
a®d 6HnNnny0 RSAONAOGSR 2LIRNIdzyAaiArAd gte 2F-OBViINRO2AES:
where small computational devices were carried by individuals in their daily activities to collect information related
to human activity andd the environment around them (Campbell et al., 2008; Kumar et al., 2015). This approach
was utilsed in Helsinki in HOPE project, where 100 volunteer citizens carried air quality sensors and made
observations during their normal movement within the citRepeireHargrave et al. 2022). This provided
information on the local air quality but also about urban mobility.

Opportunistic data collection can take different forms (Van den Bossche et al. 2016). Firstly, they can vary accordin
to the degree of humannteraction they need. Possible human interactions are related to carrying the
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measurement system, the operation and maintenance of the measurement system and to the data collection and
handling. Examples of campaigns that can run independently for lorigdsewithout human interaction after

initial setup are those based on sensors mounted on vehicles such as cars, buses or trams. The more huma
interaction the data collection needs, the more the uégendliness of the instrument and the motivation ofeth
people involved become important issues. In this deliverable, we make a distinction between data coiesatibri K Q
2 NJ Wg A (i K2 dfériing 10 thé darrie®. \Bécondly, the data collection can follow a repeated structure along
the same routes and/owithin the same time frame or can be rather unstructured. Whereas opportunistic approach

is not goaldriven (see above), depending on the involved carrier, the data collection can be rather structured (e.g.
commuting to work).

The studies of deSouza et §1020) Hasenfratz et a(2015), Hofman et a(2022)and Hagemann etl§2014) are
examples of opportunistic data collection with a fixed structure, as they performed mobile measurements with
sensors installed on the roof of public transport (trams) or service fleet vehicles (postal vans). In these cases, the
measurements wee restricted to the route of the bus or the tram tracks. Another example of fixed routes are a
dedicated monitoring vehicl€Apte, Messier et al. 2019r commuters performing mobile measurements (e.qg.
Weichenthal et al., 2008; Moreno et al., 20{8arreras et al., 2020; Hofman et al., 2018; Peters et al., 2014; Qiu et
al., 2019), although in this case the route taken is more flexible. Aoki et al. (2009), who built an environmental air
quality sensing system and deployed it on street sweeping vehicles, can be situated somewhat in the middle
between predefined route or unstructured sap.

The study of Van den Bossche ef(2016), involved city wardens carrying measurement devices dth@igdaily
surveillance tours resulting in unstructured measurements without distinct patterns in space orTtiraestudies

of Hasenfratz et al. (2015), Hagemann e{(2014) and Hofman et al. (2022) require limited human interaction as
the sensor nodeare supplied with power from the vehicles and data are transmitted automatically (Hasenfratz et
al., 2015). When using citizens as mobile carriers (Weichenthal et al., 2008; Van den Bossche et al., 2016), mo
human interaction is needed.

The choice of argeted versus opportunistic monitoring holds some consequences for the processing and

interpretation of the data. The advantage of a targeted approach (fixed route and sampling period) is that all

aSOiAz2ya Fft2y3 (KS -sNBldriedis IONIR d2NE ly BdzNEE Wi wSa Rl eax a

easier to compare different datapoints in space and also makes it easier to perform background scaling to e.g
yearly average values. A drawback is the workload: when citizens are involved, they ldaive/walk the route

in addition to their normal activities and when a vehicle is used, a driver needs to be paid to do the measurements.

The opposite is true for the opportunistic approach. From the perspective of the researcher, there is no control
over the specific location and time of the measurements. This could result in sampling bias where certain urban
microenvironments are underrepresented or absent in the data. The same holds for the time of sampling. A bias in
time can appear in the case ot collection by commuters; the measurements are mainly limited to rush hours
and no data will be available during working nor agarking (night time) hours. For the same group, we can also
have a sampling bias in locations when e.g. a group of peapie dine company is selected because all of them
commute to the same location and each takes the same route every day (the location bias is than dependent on
where they live). Another example is a postman or a parking warden who will not frequently enéer Zmaes

such as park®ilso,a time/space bias is possible: this means that data is sampled at the same locations for specific
time slots; this can be an additional issue compared to the time or space bias where we just have a lack of data ol
certain locdions or time slots. An example is a postal van or bus driving the same trajectory and always sampling
at point A during morning peak hours and at point B during quiet moments (e.g. noon or evening). This might give
a wrong idea of the spatial pattern anesulting in an underestimation of concentrations at point B and
overestimation at point A. When using an opportunistic approach, the expected sampling time and route needs to
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be evaluated in advance and data processing techniques including scalingyioguaackground concentrations
needs to beconsidered

As a consequence, there will be different measurement conditions for different locations, hindering the
comparability of the results between these locations. This is a major problem, as it complibatatata
interpretation (the comparison of the measured concentrations at the different locations), making it less evident
to use the results for air quality mapping. To cope with the time/space bias, data extrapolation can be performed
using mathematicalKriging, IDW,..) or modelling (LUR, machine learning) techniques but for a reliable result, the
input data needs to be sufficient. Or use a continuous background monitoring station.

Both targeted and opportunistic approaches can be used with or withoudlving citizens. A targeted approach
(having a fixed monitoring route) without citizens may result in a larger requirement in resources. The advantage
of not involving citizens is that (when using a car) more expensive and accurate monitoring equipmeetused

and the monitoring is performed in a more standaetiway.

The advantage of involving citizens is to raise awareness on AQ. This is also referred to as participatory monitorin

Finally, the sampling can also be biased by the weather condjteag. when the data collection stops when it rains;
this is not only true for opportunistic approaches (e.g. when the commuter takes the car instead of the bicycle on
rainy days) but is also true when the monitoring equipment is not fully protected feom

Brahem et al. (2021) defined the core challenges related to MCS as (i) heterogeneity and variety of sensol
equipment, measurements, and data analysis, (ii) the-endnd data quality, (iii) supporting and exploiting
mobility of sensors as well @sntext awareness, or even context inference, and (iv) involving the community in a
trusted, fair, and transparent manner into the monitoring activity.

3.1.3 Requirements for monitoring devices

Requirements for monitoring devices need special attention nvinsed for mobile data collection, used for
unattended use over several periods, or used by citizens who do not have sastkabwledge on air quality and
measurements. Also important for the interpretation of results is to know how the observed éffeadgents are
related to the instrument uncertainty (e.chitps://www.mdpi.com/20734433/13/6/944).

- Pollutants measured

Care should be taken when selecting monitoring devices in terms of pollutants measuregdphtigi resolution
air quality monitoring is particularly important for exposure assessment of:

1 Pollutants of high spatial variability (e.g: RGBC andJFB (Peell6 et al., 2021 and referencékerein) cee
also chapter 3)

1 Pollutants that are known to have adverse health effects or indicators for healttted exposure

1 Amatch between the anticipated concentration range and available sensitivity of the sdastis particular
air pollutant.

- Data quality

Data quality is important since collecting data with sensors without knowing the data quality is not useful. As
miniaturised and/or portable air quality instruments are often condensed/simplified/cheapersioss of
regulatorygrade instruments, proper knowledge/understanding on the inherent instrument uncertainty and
precision and associated sensitivities of the applied instrumentation (preferably based on local validation
campaigns) is needed for an acceranterpretation of the obtained results. For some use cases (e.g. awareness
raising, personal measuremen$,0 > G KS | 2a20AFGSR RFGF ljdz2r tAGe A& 27
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aSyaz2N) ySig2N]l & 6 KSNB &Sy a 2HdEever, A&rtaid nvimlim\dBt&Rqualit® is &do O K
needed for these applications, to avoid misleading interpretations.

In some citizen science studies, data collection of pollution is done as a way of making citizens aware of air pollution
rather thancollecting data to be used in scientific studies. The problem is that (in general) these data cannot be
used to construct AQ and exposure maps. In addition, there is a risk that the data quality is not good enough to give
the citizens the expected feedbgak this case expectation management is very important (see Chapter 2). In this
deliverable, we focus on collecting data with sufficient quality to construct exposure maps and try to engage citizens
at the same time, rather than only awareness raising.

Sryder et al. (2013) indicate that many commercially availabledost sensors have not been challenged rigorously
under ambient conditions, including both typical concentrations and environmental factors.

Small PM sensors are typically nephelometers otiglarcounters based on optical measurements. The resulting
error of PM sensor measurement devices is dependent on the sensor technology, the calibration algorithm and the
calibration aerosol used (Hagan and Kroll, 2020). The error also depends on ttenewvital conditions and
particle size and type.

Most low-cost PM sensors measure particles via light scattering. Sampled particles intercept a beam of light and
the scattered light is measured and correlated to a PM concentration. Typically, sensagsthusimptical
measurement principle can be broken down into two main types, nephelometers and Optical Particle Counters
(OPC). Nephelometers measure the particles as an ensemble, gathering light scattered by all particles across a wit
range of angles, typally 72173° to avoid pure forward and backward scattering (Hagan and Kroll, 2020; and
references therein). The total scattering amplitude is then correlated to a mass measurement made by a reference
instrument (nephelometers that measure scattered light a single angle are sometimes referred to as
photometers; and can be considered as a subclass of nephelometers.) OPCs, by contrast, detect particle
individually, providing information on their number and size. Light scattered by each individuakepani@asured

and each pulse is assigned to a size bin based on its total light intensity, resulting in a histogram which is converte
to a mass loading once the entire distribution has been measured. While these technologies have been around fo
decadesthey have recently become available at much lower cost due to the availability of small, inexpensive light
sources and electronic components. OPCs can be split intadstVOPCs and higheost OPCs; since highewst

OPCs use more expensive electroniad aptics, they can measure smaller particles; the typical size range is 0.38
¢MT >Y F2N f 2N O aTizodtI GRS BridfiaNand Kroll, 2020).

The most important sources of uncertainty for PM sensors are related to (Hagan and K@)l, 20

1 High relativehumidity. Hygroscopic growth of particles at high relative humidity (around >75%) results in
overestimation ofPMdue to growth of particles. All types @fPCsuffer from this interference and the error
ranges from 100% to a few hundred %, depending on the hygroscopic properties of the aerosol. This can be
solved at least partly by using anline dryer or applying a correction algorithm.

1 Changes in aerosol tipal properties, when the sensor is calibrated using an aerosol with different optical
properties. The impact of aerosol optical properties is most important fordost OPCs and of medium
importance for highercost OPCs and nephelometers. The effeesgecially relevant (for lonwost OPCs) when
the aerosol has strong absorbing properties and when small particles become undetectable with inexpensive
optical detectors (due to the small amount of scattered light).

1 The particle size distribution. Thisvisry important for lowcost OPCs and nephelometers. In this respect, the
ability of a sensor to measure small particles is very important. Since khigeelOPC are able to measure
smaller particles and are typically calibrated for different sizes of akrtdsy can better assess PM mass for
different size distributions. In environments where small particles (<300 nm) comprise a large amount of
particle mass, lovcost OPCs will be subject to significant error. In environments in which the underlyinglaeros
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size distribution is highly variable (e.g. in urban environments)cast OPCs and nephelometers will struggle
to measure PM mass correctly.

In addition to the sources of uncertainty summed above, some sensors do not estimate the PMcoarse fraction
correctly. Some sensors use an algorithm to estimate the PMcoarse (RMP0/2.5) based on PM2.5
concentrations. This can be sufficient to estimate PM10 concentrations in urban areas but might result in high
uncertainties at locations close to sources chasasedby a high amount of coarse dust (Vercauteren, 2020). We
will not discuss this further in detail since this is mainly relevant at locations with specific sources with more PM
coarse(PM2.510)and not related to exposure of UFP (which is our prinfiacys).

The type of calibrant is very important for the performance ofO#G.

NG sensors rely on different measurement principles (electrochemical or metal oxide) compared to the
chemiluminescence principle of the reference equipmg@tofman, Nikaou et al. 2022)Electrochemical sensors
convert a chemical reaction (reduction at sensing electrode and balancing oxidation at counter electrode) of the
pollutant of interest in a quantifiable electrical current, while metal oxide sensors rely ogaheeaction with
semiconductor material, resulting in free electrons. Electrochemical sensors are currently most advanced in
detecting ambient (parts per billion; ppb) M@oncentrations, but suffer from sensor specific activity (nA/ppb
response) and havghown to be crossensitive to other oxidizing pollutants (e.g)@nd environmental conditions
(temperature and relative humiditfHofman, Nikolaou et al. 2022)loreover, the sensor's electrolyte (responsible

for ion transportation) will age namally as a result of exhibited temperature and humidity variability; with low
humidity (<60%) resulting in drying out of the electrochemical cell affecting sensor response time, and with high
humidity (>60%) leading to water absorption and dilution of #hectrolyte influencing the sensor characteristics

and potentially leading to leakage and resulting corrosion of the sensor pins (Raninec, 2021).

Accurate portable devices are available for components su€h,asFP and BC; howevé¢hese are secalled md-

range instruments with a cost of approximately 509010000 euro, complicating widecale/largenumber
deployments. These devices will be further discussed in the detailed description of selected methods. They mostly
have a good and acceptable data gtyalRecurrent cdocation of the instruments used in one campaign and co
location with referenceype (more expensive) instruments is recommended.

- Required pollution parameters

When data is collected to construct air quality maps to be used in healthestutis important that air pollutants
are measured that are relevant for the health endpoint of interesaddition, pollutantshat show a large spatial
variability (UFP, BC, N@end itself most for mobile monitoring. For other health relevantytalhts (such as PM,
Os) other approaches may be better.

Particulate matter (PM) in ambient air is a heterogeneous mixture of individual particles of different origin, size,
shape and composition. Aerodynamic PM diameters are in the @D um rangeCoarse particlePM2.510)

and PM in the accumulation mod@®MO0.12.5) contribute the most to the PM mass in the air. Ultrafine particles
(UFP, < 0.1 um aerodynamic diameter) have very small mass but are found in very high numbers in air.

The standard metrics that are actually used in regulation are based on the mass catioantin pg/m3) of all
particles with an aerodynamic diameter lower than 10 pm {(HMr 2.5 um (PMs). However, particle number
concentration (PNC, in number per cm?3) is used to quantify the smallest particles (UFP) as they hardly contribute
to the total mass, buthese mighthave adverse health effects as they are able to migrate deeper inside our
organs/bodies and exhibit a larger exposure surface area. Elemental carbon (EC) or Black carbon (BC, soc
measurements relate tanburnedcarbon particlesrbm incomplete combustion emitted as tiny spherules ranging

in size between 0.01 and 0.05 pm, and aggregating to particles efiQuin, with typical most particles below 300

nm.
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A variety of particle monitors, sensing devices and sensors is availatble market to determine the particle mass
concentration in air samples. Different physical principles are used. The reference method is the gravimetric
method where particles are actively collected on a filter medium sucking a known volume of air thheufijtet.

Filters are weighed before and after sampling under controlled conditions (EN 1234%el8i#e/e heads are used

to sample a predefined fraction of particles (e.g.Pbt PMs). Because filtebased methods have a low time
resolution (usudy 24hour filters), continuous (automatic) equivalent methods are used in AQMN including
instruments using e.g. Beta attenuation, light scattering or oscillating microbalance technology to measure particle
concentrations in neareattime (~X:minute to 1haverages).

It is important to note that in terms of exposure, the spatial variability of each of the PM compounds is different.
In addition, they have their specific sources and health effects. So, selecting the right metric is very important for
mobile measurements. Even when selecting a PM mass sensing device, the measurement principle can affect th
size range. Therefore, care should be taken to use PM sensors, since they might not measure the right metric tc
assess exposure to UFP or BC.

PM sensors areidely used in studies although they measure undifferentiated PM and might not represent health
related parameters and spatial differences. In some cases, they can be used as proxy but we need to be aware th:
e.g. PNC measured with sensors, might misditiest fraction yFB which may be most health related and in some
micro-environment (like airportand traffic sitey can show larger variability compared to undifferentiated PM.

- Mobile use

When using monitoring devices or sensors for mobile use, éésspecific challenges. What needs to be considered
is specifications in terms of:

1 Fast enough response time

1 High enough time resolution {10 seconds)

i Data needs to be associated with geographical information (GPS); this can be integratedriaonitaring
device or external GPS data needs to be synchealwith air quality data.

f t2NIlFofS o0FdzyOlA2y 2F WOIFINNASND LI I GF2N)YOU

¢ /LI OAGeE G2 FRELI G2 Frad OKFIy3IAy3d SYy@ANRYYSyila
movement from indors to outdoors.

1 Afast response time is needed when collecting mobile AQ data. When sensors measure at a time resolution o
1 minute, this means that when driving at a low speed e2@%m/h (e.g. by bike), a single measurement point
will take 250- 333m. When increased to 10 second monitoring resolution, samples will be taken evéf 42
m. At a walking pace (5 km/h), the spatial resolution becomeg &3 m, at respectively, a 1060 second
resolution. When using the monitoring equipment on a moblktform like a tram, bus, car,.. where travelling
speeds vary from 30 to 120 km/h the response time and monitoring resolution are even more important.

¢CKS NBIAdANBYSY(d F2NJLR2NIIFIoAfAdGe RSLISYRA 2V, cinfp8edWOl |
to a mobile carrier like a car or truck.
An important issue with mobile monitoring is the fagtanging environment; when sensors used are affected by

interferences, this can make more difficult the interpretation of results. Potential intemfae need to be co
measured and corrections need to be applied.

- Use by citizens

In general requirements that need to be considered for citizen science use are: Useabiliyiems#iness, fool
proof, feedback (good measurements and results) .
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Specific requirements are there when collecting data by citizens. Based on the workshop with local
authorities/citizens within the COMPAIR proj€¢MM 2022)include:

f Data communication: preferential automatic data uploading{bB wifi, LTR = X0 O MAnE> 0T 2 K¢
daily upload, 37.% weekly upload.

As autonomous as possible (power on/off, required communication/intervention handling)

Portability; weight, size, easy to carry/attach, casing/ O1 LI O1 = X

Noise: as silent as possible

Notification: option to mute

Optimisedbattery usage, which is a compromise between sampling time, data upload frequency and individual
Sensor power requirements.

Easy charging: daily charging is considered ok

Privacy: capacity to anonymize data

= =4 =4 —a -8

E ]

3.1.4 Data processing

Direct mappingersus spatiotemporal interpolation models

Mobile monitoring data can be used for direct mapping or as input for data driven models. It is important to know
in advance which data processing technique will be used to optimize the data collection. Nothatiemor not
a model isused, butalso the type of model used can have impact on the data collection requirements.

When direct mapping is used, it is important to have a good spatial and temporal coverage (representativity). This
is also true when datdriven models are used but maybe at a lesser extent as spatiotemporal dependencies are
learned from the available dataset.

Completeness of the dataset

Ly 3SySNIfzx RFEGFE O2YLX SGSySaa OFly 6S RSTAYySRadda Wi
a02L)S F2NJGKS Gral d KFEFYRQ 6. FGAYA SG FEX wamcO®

In a recent paper, Mehanna et al. (2022) defined three parameters for completeness of datasets: sensor
completeness, temporal completeness and spatial completeness. Sensor completeness is defipealigsfacet

that captures the extent to which the measurements of a given sensor are complete over a certain sampling period
(including also aspects of data transmission and quality of the data). The authors focus on personal exposure
measurements but Biilar concepts can be applied when using mobile measurements for mapping which is the
focus of this deliverable. Als&an den Bossche et al. (2015) discussed temporal and spatial coverage of mobile
data. Temporal completeness and temporal coverage (oresgntability), and spatial completeness and spatial
coverage are similar concepts. When both mobile and fixed measurements are plotted on a 3D graph with x/y
representing geographical coordinates and z the t{FFigure 2}he difference between fixed time series and denser
mobile point measurements becomes visible. Ideally, an air quality value for each time and space instance is
available (inferred ifigure 3)
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Figure 3: Concepltﬁvisulljalisation of fixed and mobile semeasurements represented as a sparse data matrix in space
plane) and time (z plane). Right: Inferred air quality values by a machine learning model (from Hofm&0203l.

Temporal comptteness(according to Mehanna et al., 2022) characterizes the way a given period of time is covered
by the collected measurements. Evaluation of the temporal completeness can go with different assumptions; e.g.
assuming a uniform distribution over time,rges distributed measurements considering the variation of pollutant
levels at different times of the day, month or year.

Spatial completenesss defined by Mehannat al. (2022) as the extent to which data sufficiently represents a
specific spatial area and it characterizes the coverage of this area. In other words, spatial completeness indicate
how sufficient and comprehensive the current measurements are forticpéar area. Also different assumptions

can be made for the spatial coverage; e.g. assuming a uniform distribution of the measurements over the study
area or taking into account the variation of pollutant levels in the different cells of the area of. stud

In the following, we prefer the last assumption (taking into account variation in concentrations as function of time
and location) since we want to use the resulting maps for exposure assessment and try to assess as much as possil
the spatial and terporal dynamics. From now on we will use the terms temporal coverage and spatial coverage.

Temporal coveragdas different components; for simplicity, we make distinction between a) time of the day, b)
day of week, c) season of the year, d) years (see\&@aden Bossche et al., 2015):

Thetime of daythat data are collected affects the final resulh most cases, we want to represent a daily average

of the concentrations where a typical diurnal pattern has times with higher and lower concentrations (related to
peak hours and/or periods with better and worse dispersion characteristics). In sonsethasaterest is in a typical

hour (e.g. peak hour air pollution when looking at traffic sources) but otherwise the collected data needs to be
representative for the exposure time that is considered.

Theday of the weelcan also have an effect on pollutaconcentrations with typical lower concentrations during
weekend days compared to weekdays. In order to have a good coverage over an entire week, both week anc
weekend days need to be considered. However, when we want to maximize the observed spatialspatnight

be advisable to collect only data during working days. In some cases (e.g. when applying an opportunistic approac
with employees or an opportunistic approach using cars like postal vans) only weekday measurements are
achievable due to praaal constraints.

Theseason (or monthin which data are collected also needs to be considered. Concentration differences between
seasons can be explained by differences in sources and differences in meteorological conditions (dilution condition:
as functon of boundary layer height, affecting receptor sites as function of wind direction, washing out pollutants
by rain/snow, secondary formation of pollutants as function of sunlight or temperature,...). Typically, data are
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collected at the time when healthdy is performed. It might be tricky to use data from anotliear, especially if

there is a long time lag between data collected and health study. For example more stringent emission limit values
can result in reduced concentrations (e.g. reduction ic®centrations of petrol cars, sulfur content in fuel, more
stringent EURO norms for cars and HD vehicles), but also local measures (like LEZ in cities) can affect the local A

When looking at annual average exposure, it is recommended to extrapolatadhsured average concentration
to annual values; this can be done by using data of a fixed AQMS of the network nearby (Van den Bossche et a
2015).

Spatial coverageneans that the study area needs to be mapped and exposure of all participants iutlyeasea

needs to be assessed. To generate higgolution maps large quantities of data are required to include the range

of possible meteorological conditions and the range of local air quality conditions (depending on local sources, e.g
traffic intensty), and to counter occasional and exceptional events. It is important to assess whether enough
repetitions are made in relation to the goals of the monitoring campaign.

Sensor completeneds related to sensor quality and Mehanna et al. (2022) suggeapproach to improve data
completeness by adding information about the quality of the measuring sensors. Whereas this is needed, we da
not further discuss their approach here since it is function of instruments used. However, data quality control needs
to be consideredwhen collecting data (irrespective of the instrument used). Data quality, sensor uncertainty
(comparability against REF) and precision (comparability against other sensor), and data quality control will be
addressed when discussing the diffetdools further in this document.

Data processing for direct mapping

In general, when data is processed for direct mapping, individual data points are averaged over street segments
Details on data processing used in the airQmap approach are given (sgewirQmap).

Van den Bossche et 2015) investigated how mobile monitoring can be used as an additional tool to acquire air
quality data at a high spatial resolution. The study was based on 256 and 96 runs (repetitions) along two fixed route:
(2 and5 km long). They investigated the impact of temporal variability on the representativeness, and developed a
methodology to map urban air quality using mobile monitoring. They stated that a limited number of mobile
measurements may only represent a snapsaiatl not be representative and evaluated the number of repetitions
needed with and without scaling e.g. for background concentrations. Different data processing methods were
compared. They showed that using a trimmed mean and applying background reatoalidecreased the
required number of repetitions for the same resolution and uncertainty level. They showed tisatg a trimmed

mean and applying background nornsalion ¢ 24-94 repeated measurement runs (depending on location type
with a median of 41are required to map the BC concentrations at a 50 m resolution with an uncertainty of 25%.
When relaxing the uncertainty to 50%, these numbers reduce-1d@ fmedian of 8) runs. Reducing the length of

the street segment (increasing spatial resolutionluteed in an increased number of repetitions required to obtain

the same uncertainty level. When performing mobile measurements, it is important to take out extreme events
OUKI GO AYyFtdzSyOS GKS | @SNI IS 02y OSy (i Mheih & 2oW Humbey & | N
repetitions is performed. Event detection algorithms can be used to remove extreme outliers; e.g. Hagler et al.
(2012) used the running coefficient of variation (COV) method. In this method, a running 5 s standard deviation of
the BC oncentrations is calculated and divided by the mean concentration of the entire sampling period. The 99th
percentile of the calculated COV is used as a threshold and all data points with a COV above this threshold ar
removed along with the data points Defore and after. This method has the risk that it can mask hotspots where
peaks occur systematically.

Spatial aggregation is needed to smooth the data at different spatial levels (routes, streets, segments). Van der
Bossche et al. (2015) showed that mapgpat a spatial resolution up to 50 m is feasible for BC and a higher spatial
resolution of 20 m can be obtained with a slightly increased uncertainty.
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Quality control of GPS data needs some attention when processing mobile measurements (see also Van de
Bossche et al., 2016). The processing and filtering of the raw measurements of the GPS device include: filtering fc
incorrect or unreliable GPS locations, map matching (allocating deviating GPS locations to associated stree
segment/map) and spatial aggyation. The reason for unreliable GPS data can be indoor periods during the day or
outdoor moments with a very bad reception (e;g. travelling by subway, or in street canyons). The filtering of
unreliable GPS data can be done based on minimal number dhitestéthreshold). The accuracy of GPS data has
consistently improved in recent years. When a dedicated route is used it is much easier to filter unreliable data.
Map matching is needed when the GPS is slightly off track, which occurs often in urbammeyits. A way to
enhance this is by assuming the measurements are always performed on the streets. This can be done by matchir
the locations for each individual run and street segment to the shortest distance (max 30 m) of the selected street
sections.

Whereas some studies collect data during a limited period resulting in an aggregated map, collecting data using
opportunistic approach or platforms (like trams, postal vans,...) can result in continuous update of input data. Real
time dynamic pollution mapsan provide personaéd exposure information.

Van den Bossche et §020) showed that spatitemporal models (see below) can also provide a dynamic pollution
map. When data are collected continuously using an opportunistic approach, a model cansbeicted that is
continuously updated with these new data. TheaRd Explained Variance (EV) of the different Cross Validation
(CV) schemes can then be regarded as the predictive ability of the model under different circumstances.

- Models for intraurbanexposure assessment

In the review paper oferrett et al. (2005)ifferent classes of models to derive iruaban exposure assessment

were identified and als&ie et al. (201 7Jescribed different data processing techniques ranging from geostatistical
techniques, Gaussian models, linear regression, artificial intelligence to compressed sensing, to assess pollutar
concentrations and personal exposure. Not all models are basedeasurements but we sum them up here for
completeness. The model and dagieocessing techniques used can be generally distinguished as:

1 The simplest models arproximity-based assessmentin these models proximity to a pollution source is
measured; mostommonly used to assess exposure to traféitated air pollution, where distance to road and
traffic counts are the main indicators for exposure estimates; these models do not use measured data but use
proximity data to explain variability in pollutionels, and areut of scope for this study.

1 Spatial interpolation method® 8 2 YSGAYSa NBFSNNBR {2 w3asS2adl adarada
concentrations at unmeasured locations by measured concentrationgighbouringlocations. They can be
based on deterministic and stochastic g&atistical techniques. Four interpolation methods are commonly
used in air pollution estimation and assessment: spatial averaging, neaegghbout inverse distance
weighting and krigging approach (Xie et ab1?2).

Spatial averagingalculates the mean of pollutant measurements from the nearby monitoring stations (located
within a predefined grid, a country, or even a cit\earest neighboassigns the pollutant measurements of
the closest monitoring statioto the unmeasured location, regardless of the actual distance between them.
The first two do notconsiderspatial variability of the concentrations as they only take into account one
monitoring station or do not consider distance nieighbouringmonitoring stations to calculate the unknown
concentration. Thereforethey are no longer commonly usedinverse Distance Weighting (IDW§ a
deterministic method for spatial interpolation and calculates the value at the unknown locations as the
weighted average ahe measurements at the monitoring stations, using inverse distance as weighing factor.
IDW approaches are applied at different spatial leuelgingis also a weighted combination of measurements
at surrounding monitoring stations. Kriging is the masimmon geostatistical technique used in the air
pollution field. Kriging assigns weights at each concentration by exploiting the spatial correlation among the
observed measurements. It generates the estimate and standard deviation. Kriging models exqtiait s
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dependence in the data to develop continuous surfaces of pollution. IDW takes into account the distance and
more stations but is not suitable to be used on e.g. an urban scale where very high spatial gradients may exis
(e.g. street canyons). Alsei¢ing assumes a homogeneous terrain where concentrations are only determined
by the distance to the nearest AQMS, while this is not the case idif@aleostatistical modelling requires a
dense network of sampling sites.

1 LandUse Regression (LURpdels use measured pollution concentrations at locations in the study areas to
predict concentrations at unmonitored locations based on land use types within buffers around the locations.
They are based on the principle that the pollutant concentratiatnasny location depend on the environmental
characteristics of the surrounding area. The models are developed through construction of multiple regression
equations describing the relationship between the pollutant measurements at the monitoring statidrtken
predictor variables usually obtained through Geographic Information Systems (GIS), such as traffic intensity
road length, distance to the major road, road type, population density, land cover, wind speed, etc. A dense
monitoring network is requiredo cover the different laneuse parameters. LUR iscammon techniqueo
assess spatial variation in air pollution to estimate exposure to air pollution in epidemiological studies (Jerrett
et al., 2005; Hoek et al., 2008; Brauer et al., 2008; Beelen, &(dl4) or health studies (e.g. Dons et al. 2014;
Hoek et al., 201)1 Therefore, the basic principles are explained here in more detail.

Input data. LUR models require AQM data at multiple locations across the study area. Typically, stationary
monitoring is used at 26100 locations (Hoek et al., 2008). However, Basagana et al. (2012) proposed that LUR
models for complex urban settings should be based on a much larger number of measurement sites (> 80 in thei
study). Mobile monitoring can be a way to inope the spatial resolution of the measurements. In addition to AQM
data collected, the LUR model uses predictor variables including traffic, population angskardriables in buffers

with variable sizes Spatictemporal resolution.In most cases, theUR models focus on the spatial variation in
(annual) average concentration and do not include a temporal dimension. However, in many applications, temporal
variability is an important factor for exposure. To incorporate the temporal dimension in LUR mdiffelent
approaches are used in literature. One approach is temporal adjustment of annual average model output (Brauer
et al., 2008; Wu et al., 2011; de Nazelle et al., 2013), in which the annual average exposure at each location i
adjusted to temporalariations in air pollution concentrations. Another approach is to develop separate models
for each typical hour (Dons et al., 2013) or for each time period (Hasenfratz et al., 2015; Mueller et al., 2016). A
third approach is to include timdependent dah that are related to the temporal variability of the air quality in

the model (e.g. Maynard et al., 2007; Ragettli et al., 2014 and references in Van den Bossche et al., 2020). In Ve
den Bossche et al. (2020) opportunistic measurements by city wardenssad to build a redlme pollution map.
Possible timedependent variables include meteorological variables (wind speed and direction, temperature) and
air pollution measurements at fixed site monitoring stations.

1 Machine Learning (ML) ModeBue to theobserved correlation over both space and time, data matrices of air
jdz- £t A& RFEGF FNB Ay a2YS OFasSa O2yaARSNBR Wf2g NJ
(Asif et al., 2016; Udell and Townsend, 20I1%e underlying low rank and slowly timarying structure of the
air quality data can be leveraged to create numerical models that facilitate an effective spatiotemporal
extrapolation, enabling the prediction of air quality at unmonitored locati¢aliwal, Biyani et al. 2020)
Machine lerning (ML) approaches allow for training of underlying dependencies based on large air quality
datasets and supplied context information (traffic, meteorology, street type, speed limit), hereby enabling data
inference or matrix completionF{gure 2 in bah space and timgHofman, Do et al. 2022 hese statistical
approaches ar@lata drivenand include models based on copula functions and neural network models. The
G S NI -dvMert sipdtial predicly YSUGK2RaQ A& (2 RAAGAYIdAEAK GKSY
models do not rely on underlying physical processes. Examples of machine learning models to predict air quality
include Do et al(2019; 2020)Lim et al(2019) Qin et al(2022; 2021)Models of Do et al. and Qin et al. were
recently applied and validated based on diverse mobile (bicycle, Google car, postal van) datasets resulting ir
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comparable model performances, ultimately depending on thpli@d instrumentation (sensor performance)
and acquired spatiotemporal data coverggtofman, Do et al. 2022)

1 Dispersion modelsimulate the physical and chemical processes of the dispersion randférmation of
atmospheric pollutants to predict the pollutant concentrations, based on emissions sources (strength, temporal
profile, locations,...), meteorological data, buildings, ... Dispersion models vary depending on the mathematics
used to develp the model. Gaussiabased dispersion models are the most commonly used models for
pollutant dispersion analysis. In these models, the dispersion in downwind direction is a function of the mean
wind speed blowing across the Gaussian plume under steaty adaditions. They often use monitored data
0S®ad FNRY (GKS !'vabo & AyLdzi 7FIZEDMmboetk leANPalzy2?R3)0 2
and/or for model validation. They might suffer from a lack of input data (e.qg. traffic data). Dspensidels
have the potential advantage of incorporating both spatial and temporal variation of air pollution within a study
area without the need of a dense AQ network. However dense AQ data are needed for model validation. More
recently a combination ofidpersion models with more dense measured AQ data is used by data fusion or
assimilation.

1 Integrated meteorologicaémission modelscombine meteorological and chemical modules to simulate
dynamics of atmospheric pollutants. They require kigld computatimal facilities. These are not further
discussed here.

1 Hybrid modelscombine personal or regional exposure monitoring with other air pollution exposure models.
Two classes of combining one of the preceding methods were identified: with personal/housepokliex
monitoring or regional monitoring.

Furthermore,a relative new method is datassimilation in which dispersion models use data of sensor networks
to improve the model output.

When data are collected continuously, data aggregation (direct mapping) or data prediction (modelling) needs to
be updated. Th&& | G F 3INBIAF A2y (2 o6dzAf R WYSFadaNBR YILBAQ 0o
o).

3.1.5 Mobile monitoring projects and large trials

In this section we give an overview of projects and large trials where mobile mogiteais been used to generate
air quality maps. Details of the approach,-s@t instruments, data processing will be given in the next paragraphs.

Table 2shows an overview of different projects where mobile mapping tools are used.
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Table2: Overview of projects where mobile monitoring toails ased and of which selected methods will be further described in this deliverable

vans in Antwerp

10 sec resolution/6 months of data
PM, NQand Q

Opportunistic routing

Data processing via:
- Machine learning models
- Aggregated maps

Name project Short description of monitoring device Partner reference
involved

airQmap projects BC measurements (AE51) VITO www.airQmap.com
Portable unit (AE51, GPS) Van den Bossche, J., 2085mos. Environ. 105: 14861.
Dedicated route
Dataprocessing to construct aggregated
maps

Opportunistic BC BC measurements (AE51) VITO Van den Bossche J., 2016. Atmos.Environ., 141¢ 408

measurements Portable unit (AE51, GPS) Van den Bossche J., 20E8wvironmental modelling and
Opportunistic route Software, 99, 5&%7.
Data processing to construct aggregated Van den Bossche J., 2020. Environmental Modelling &
maps Software, 133, 104837

AirView Normal car with BC (AE33), UFP (EPC 37{ UU https://pubs.acs.org/doi/10.1021/acs.est.1c05806
NO2 (CAPS Aerodyne). Aim: create hyper
local map of city.

MACE BC measurements following a predefined | TROPOS | Alas et al., 2018, Aerosol Air Qual. Res. 18(9),-230Y
route https://www.tropos.de/aktuelles/messkampagnen/blog

und-berichte/mace2015

SMURBS Fixed and mobile; a compilation of urban a NOA Grivaset al., 2019. Air Qual Atmos Health 12, 140517
quality mapping solutions

BelAir project Kunak sensor boxes, mounted on 17 postg VITO/IMEC| https://www.imeccityofthings.be/en/projecten/bekir

Hofman et al., 2020. IEEE Sensors, doi:
10.1109/SENSORS47125.2020.9278941
Hofman et al., 2022. Environmeitmodelling &
Software, 149, 105306, doi:
10.1016/j.envsoft.2022.105306

Do T. H. et al., 2020. IEEE Internet of Things, 8993¢
8955, doi: 10.1109/J10T.2020.2999446
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Qin X. et al., 2022. Remote Sensing, 14, 2613,
doi:10.3390/rs14112613

Snuffelfiets Bicycle mounted SODAQ Air sensors VITO/IMEC| https://snuffelfiets.nl/
Opportunistic routing in Utrecht (NL)
PM.sand PMo Hofman et al., 2021Pattern Recognition, ICPR
Data processing via machifearning models International Workshops and Challenges Proceedings

12666, 13947, doi:10.1007/978-030-687809_14

Hofman et al., 2022. Environmental modelling &
Software, 149, 105306, doi:
10.1016/j.envsoft.2022.105306

Google Air Two Google Street View vehicles with Aclit UU https://www.google.com/earth/outreach/special
instruments VITO/IMEC| projects/airquality/
Dedicated routes in Oakland (US), Utrecht
(NL) Apte et al. 2017. Envinmental Science & Technology,

(12), 69997008, doi:10.1021/acs.est.7b00891

Data processing via aggregation (&gt al)

LUR models (UU) or machine learning Hofmanet al., 2022. Environmental modelling &
models (Hofman et al) Software, 149, 105306, doi:
10.1016/j.envsoft.2022.105306
City Scanner OPCGN2 sensorsleployed on two garbage | MIT http://senseable.mit.edu/cityscanner/
trucks
April 21- August 14, 2017 DeSousa et al. 2020. Sustainable Cities and Society,
Cambridge, Massachusetts (US) 102239, doi: 10.1016/j.s¢s.2020.102239
OpenSense Sensors CO, NO2, CO2, O3 deployed on http://opensense.epfl.ch/
busses and trams in Lausanne and Zurich
Switserland Hasenfratz, D. et al. 201Beriving higkresolution urban
Dedicated repeated routes air pollution maps using mobile sensor nodes. Pervasi
Data processing via interpolatitdispersion Mob Comput 16, 2685, doi:
models 10.1016/j.pmcj.2014.11.008
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Mueller et al 2016. Atmospheric Environment, 126,-17
181, doi: 10.1016/j.atmosenv.2015.11.033

HOPE, with citizens Lowcost PM2.5, O3 and NO2 sensors; UHEL, FMI,| RebeireHargrave, A., Fung, P.L., Varjonen, S., Huerta
opportunistic monitoring with 100 voluntee| HSY, City o] Sillanpaa, S., LuomK., Hussein, T., Petja, T., Timone
citizens Helsinki H., Limo, J., Nousiainen, V. and Tarkoma, S. (2021) C

wide participatory sensing of air quality, Front. Environ
Sci. doi: 10.3389/fenvs.2021.773778.

Megasense* Wearable PM2.5 sensors; opportunistic UHEL, HSY| Motlagh, N. et al. 2021 Transit pollution exposure
monitoring h urban transit system; monitoring using lowcost wearable sensors, disport.
personalexposureanalysis; Res. D: Transport & Environ. 98, 102981.
connecting the citizen observations to air Kortogi, P. et al. (2022) Air pollution exposure monitori
quality monitoring network data for quality using portable lowcost air quality sensors, Smart Healt
control 23, 100241, doi.org/10.1016/j.smhl.2021.100241.

Zaidan, M. et al. Intelligent calibraticand virtual sensing
for integrated lowcost air quality sensors, IEEE Sensof
20, 1363813652, doi:10.1109/JSEN.2020.3010316.
ASAP East AFrita Low-cost PM sensors used in static locatiol] UoB https://iopscience.iop.org/article/10.1088/2515
www.asap.uk.com andmobile measurements 7620/ac0e0a
https://acp.copernicus.org/articles/18/15403/2018/aep
18-154032018.html
https://www.researchsquare.com/article/r§ 953022/v1

https://acp.copernicus.org/articles/22/10677/2022/
POLLUSCOPE* Participative observatory for the surveillang http://polluscope.uvsq.fr/

of individual exposure to air pollution
relating to health

Expanse Creating several Europeavide external uu https://expanseproject.eu/
exposure surfaces including air pollution,
using GWR among others. New mobile
measurement campaigns are being carrieq
2dzi Ay GKS W/ Nbly [
Athens, Munich and Lodz.
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RFURBANS
WP2 Deliverable 13 (D2.5)

HOUSE

High ozone and secondary organic aeroso
episodes in Spain. Very precisenibbile
measurements using balloons by means o
PO3M analyser using the ultraviolet
spectrometry Cost is around 9000 Euros
Dore in different cities, Barcelona, Vic

Madrid and Sevilla

CSIC

Querol et al., 201&ttps://doi.org/10.5194/acpl8-6511-
2018

Querol et al., 201 Mttps://doi.org/10.5194/acpl7-2817
2017

LyQid +#StftR Si Ff®dI HAHM
https://doi.org/10.1016/j.scitotenv.2020.144579

* more focused on pemnal exposure monitoring and therefore not further discussed in this deliverable

** The ASAP project is not discussed in detail belttve ASAP project us@iMsensorgAlphasense ORR2) to enhance local decisieamaking abilities in the capital
cities ofEthiopia (Addis Ababa), Kenya (Nairobi), and Uganda (Kampala) to improve urban air quality, reduce the effects ofoairupoltutiuman health, and
allow for sustainable development to proceed without further deterioration in air quality. Low cosbrsawere used in both static locatiofiadoor and outdooy
and mobile éutside of vehicleso measure spatigemporal informationand within vehicles to estimate transport related expogurehe data from the low cost
sensors were also used to calibratetemistry transport model (WRF combined with CHIMERE) to be able to model regional and local air quality data.
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RIURBANS
WP2 Deliverable 1.3 (D2.5)

In response to the need for higher monitorigganularity, recent mobile sensing networks have been collecting
mobile data in cities around the globe. Examples of sensor applications on service fleet vehicles include postal var
in Antwerp (BE) (Qin et al., 2021), garbage trucks in Cambridge, Masetsl{US) (deSouza et al., 2020) and trams
and buses in Lausanne and Zurich (CH) (Mueller et al., 2016). Other applications include personal monitors on ca
(Apte et al., 2017; Chen et al., 2022)bicycleqFranco et al., 2016; Hofman et al., 2018; N Genikomsakis et al.,
2018; Peters et al., 2014, Qiu et al., 20489 city wardengvan den Bossche, Theunis et al. 20T6)ese netwrks

provide valuable in situ data on experienced exposure levels throughout the city. Nevertheless, the collected mobile
data are still sparse in time and space and need proper processing in order to derive exposu(elofiags, Do

et al. 2022)

Some projects listed in the table below do not generate air quality maps but contain important insight that can be
used in this deliverable. As an examplbe Polluscope projeaims at evaluating the capiies and the limitations

of sensors in fingrained understanding of personal exposure to air pollutants; the project focusses on personal
exposure measurements and also relates to health impact (notably for asthmatic and COPD subjects). The purpos
of Pdluscopeis to design, develop and test a platform for collection, management and analysis of data from
individual lightweight environmental sensors; it covers gaseous pollutabsNQ), particulates and Volatile
Organic Compounds. The project does faitus on mapping but on individual exposure in indoor and outdoor
environments. However, some results reported in papers are included in this deliverable.

3.2 Detailed description of selected methods
3.2.1 airQmap

AirQmapis a platform that allows people with limited or no air pollution expertise, such as citizen scientists or
municipal officials, to aay out air quality measurements and to get a detailed view on the air quality at street
level. This approach allows toropile air quality maps at a feasible cost for citizens, cities and municipalities.
More info on airQmap can be found henéps://vito.be/en/airgmap and is summasedbelow.

Data collection

Pollutant: BC
M Instrumentation:
0 BC measurements with AESttps://aethlabs.com/microaeth/ae51/overvie)wvhich is a battery
powered pocketsize instrument that measures changes in light absorption of 880 nirblygderosol
deposition.
o GPS
0 bSG06221 0aK2YS adGlFridAz2yeé0 FT2NIRIGEF AYyGSaANI A2y -
i Data collection by mobile monitoring
o BC monitor and GPS sensor are placed in portable bag
o Carried around on foot or by bicycle
o0 Followng predefined routes that are repeated (+25 times) at predefined timeslots over a period of days
to weeks
0 Sometimes repeated campaigns in different seasons or.year
1 Possibility to use several measuremssts in one campaign to increase action radius, number of streets or
neighbourhoods covered
1 QA/QC
0 Regular comparison of AE51 instruments (irdemparison of portablenstruments)
0 Regular comparison with reference BC monitor used in AQMS (MAAP or AE33)
o All the equipment is provided to users with a short training on their use and instructions on how to
collect the data to get a reliable result.

E]
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RFURBANS
WR2 Deliverable [13(D2.5)

The number of repetitions needed to get a representative result was studied by Van den Bossche et al.y(2015) b
performing subsampling analysis of a large dataset (256 repeated runs); for a fesowered street segments,

they evaluated how many repetitions were needed to obtain a representative idea of the average pollutant
concentration (minimizing error whenompared to overall average/median, sé@ure 4). Data experiments
showed that when 13 repetitions are performed, BC concentrations can be asseseddeiiation of less than

50% at 90% of the 20 m road segments. Increasing the number of repetitions will reduce the deviation. In airQmar
studies we aim at approximately 25 repetitions (runs) for each route and campaign.

12
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—
o

0.10
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0.08

0.06

&

0.04

N

0.02

Mean black carbon concentration (ug/m>)
N
Relative occurence

0 0.00
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Numbers of runs included Number of runs needed for convergence
Figure 4: Example of a dat@xperiment for all data (total of 256 runs). Left: evolution of the mean value in function of the
number of repetitions for 1000 iterations with the overall mean (red line), the deviation of 25% around this mean (red dotted
line) and the 2.5% and 97.5% pentiles of the mean value (black line). Right: density plot of the required number of runs to
obtain convergence for these iterations.

- Data transmission and processing

1 ¢KS dzaSNJ NBOSA@ZSa | ySioaddrdm BCaidBrSdeviddataard 2y ¢ 0 F2 NJ
synchronsedand merged. Data is sent to VITO server.
9 Further data processing is done at VITO, and includes:
0 Reduction of noise in BC measurements
0 Reduction of noise in GPS measurements
o0 Creation of a mapping layer (equidistant points on streets, user defined distance between point, e.g. 30
m).
o Attribution of measurements to the mapping layer points (udefined distance criterion)
0 Aggregation of measurements per mapping layer poininftned mean, additional usetefined
parameters such as minimum number of passages for inclusion)
o Export map (fixed format: openstreetmap base layer, BC concentration overlay, fixed scaling and colour
coding)

- Result

The result is a map with B&ncentrations. The map is a highsolution repesentation of the ambient BC
concentration that citizens are exposed to. A colour scale from green over yellow and orange to red is used to
represent the datgFigure 5) The scale is adjustable, but gengrarovides enough contrast for interpretation.

35
RIHURBANSHww.RIURBANS.8us supported by theeuropean Commission under the Horizon 202Research and Innovation
Framework Programme, H202B6D-2020, Grant Agreement number: 101036245



http://www.riurbans.eu/

RFURBANS
WR2 Deliverable [13(D2.5)

A large campaign was set up in Mechelen as part of the GroundThruth project; the citizen platform was named
daSSiaSSaSOKStSyé¢ o0GNIvyaftl G4§SR IhipsanSthalezNBeimedbe/kall) dza

A - WEEKEND WEEK WEEK

after implementation
iy’ Busyroad *

N\ ol
. ring road, tunnel for vehices ) R
=2 W § 1 A,
( [ir— 2 } 3
o > : - ,

SERE (PP

Ring road, separate biking lane

[ —

(B)

Figure 5: Two examples of higésolution BC maps generated by airQmap. Example (A) shows the difference in concentrations
betweenweekend and work week dagad between work days before and after the implementation of a new traffic circalatio
plan. Example (B) shows the effect of reduced motor transport due to COVID restrictions on the BC concentration.

Another example where a predefined route is followedld&C is measured is the MACE project (TROPQOS), following
a similar setup bu slightly different data processing as the airQmap approach (Alas et al., 20118k study wo

fixed routeswere measuredwhich covered different micr@nvironments and expsure scenariaslhe @rosol was

dried using silica based fiition dryer. Data processingncluded10 sec median averagirtmyt no ONA correction

was applied and wving averagesofi 50m resolutionwere used to plot the data. Filter tickets were changed every
day to prevent overloading of the filter. Background was corrected based on lowest percentiles as described by Val
Poppel et al., )

Citizen involvement

Implementation: airQmap is relatively gat use, but user instructions are needed. A manual is available to
get started.

Organsation: repeated measurements are needed and more routes to map a city or larger area. This means
that significant efforts are needed from participants and need fotipigant organsaton to work together for

data collection.

Data protection: no sensitive data because BC data is not linked to the person who performed the measurement
and route isndependentfrom the addressof the participants

Strong and weak points

Strong points
o0 Dedicated routeso no sampling bias.
0 Flexible system: possibilities for implementation that deviate from the standard airQmajgpsatterms
of coordination, data collection, dagarocessing and reporting of results.
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