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Abstract
Investigating perceived air quality (AQ) in urban areas is a rather new topic of interest. Papers presenting results from stud-
ies on perception of AQ have thus far focused on the individual characteristics leading to a certain AQ perception or have
compared personal perception with on-site measurements. Here we present a novel approach, namely applying volun-
teered geographic information (VGI) technologies in urban AQ monitoring. We present two smartphone applications that
have been developed and applied in two EU projects (FP7 CITI-SENSE and H2020 hackAIR) to obtain citizens’ perception
of AQ. We focus on observations reported through the smartphone apps for the greater Oslo area in Norway. In order to
evaluate whether the reports on perceived AQ contain information about the actual spatial patterns of AQ, we carried out
a comparison of the perception data against the output from the high-resolution urban AQ model EPISODE. The results
indicate an association between modelled annual average pollutant concentrations and the provided perception reports.
This demonstrates that the spatial patterns of perceived AQ are not entirely random but follow to some extent what would
be expected due to proximity of emission sources and transport. This information shows that VGI about citizens’ percep-
tion of AQ has the potential to identify areas with low environmental quality for urban development.
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1. Introduction

Investigating perceived air pollution in urban areas has
caught the interest of researchers in the last two decades
as the relationship between air pollution and adverse
health effects has become clearer (Bickerstaff & Walker,
2001; Brody, Peck, & Highfield, 2004).

Despite significant improvements in air quality (AQ)
in Western Europe, many European areas still strug-
gle to reduce outdoor concentrations of particulate
matter (PM) and nitrogen dioxide (NO2; European
Environmental Agency, 2018). The main local sources
of air pollution in urban areas are road traffic, indus-
try and domestic combustion (Gulia, Nagendra, Khare, &
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Khanna, 2015). There is evidence that health effects such
as strokes, heart diseases, acute and chronic respiratory
diseases, including lung cancer and asthma, are linked to
exposure to PM or NO2 caused by air pollution (World
Health Organization, 2016). The high number of prema-
ture deaths and years of life loss due to the effects of air
pollution indicates the need for both further measures
to reduce air pollution and to continuously raise public
awareness and empower citizens to protect their health
from the adverse effects of air pollution.

Evidence of adverse health effects of air pollution
have not gone unnoticed by European citizens. In a re-
cent Eurobarometer survey, 46% of the respondents in-
dicated that air pollution is one of the most important
environmental issues and 47% think that AQ has deteri-
orated in their country over the last 10 years (European
Commission, 2017). This survey indicates that European
citizens are aware of air pollution and perceive air pollu-
tion as a threat to health and well-being.

In the last decade, the application of volunteered
geographic information (VGI) technologies in AQ mon-
itoring has undergone a rapid development. In addi-
tion to for example exploiting VGI for applications such
as emission estimates (López-Aparicio, Vogt, Schneider,
Kahila-Tani, & Broberg, 2017), the application of VGI in
the AQ field has seen substantial growth related to the
emergence of low-cost AQ sensors. A large number of
low-cost AQ monitoring sensor systems are now avail-
able on the market (Castell et al., 2017) which allow in-
terested individuals to measure AQ instantaneously, pro-
viding information that can be used for private purposes
or for the greater good (Castell et al., 2018), e.g., for
creating AQ maps at high spatial resolution (Schneider
et al., 2017, 2018; Wesseling et al., 2019). The rise of
these measurement systems has facilitated measuring
urban AQ at many different locations not covered by of-
ficial monitoring stations. With the help of low-cost AQ
monitoring sensor systems, lay people can performmea-
surements without the years of training needed to han-
dle the technical equipment. Despite the fact that this
technology is generally not yet mature enough to de-
liver data quality comparable to reference equipment
(Liu, Schneider, Haugen, & Vogt, 2019) and still often re-
quires a certain amount of data processing (Schneider
et al., 2019), these instruments are still suitable to en-
gage with citizens in AQmonitoring. They are instrumen-
tal for: (i) raising awareness about air pollution in the
broader population (Sîrbu et al., 2015); (ii) educating and
involving citizens in local communities (Turrini, Dörler,
Richter, Heigl, & Bonn, 2018); (iii) bringing citizens closer
together with policy and decision-makers (Turrini et al.,
2018); and (iv) setting up larger networks of low-cost
AQ monitoring sensor systems (Lisjak, Schade, & Kotsev,
2017; Wesseling et al., 2019).

Many projects and initiatives have been carried out
in the last years, using low-cost technologies to monitor
urban AQ (e.g., EU FP7 CITI-SENSE [Liu, Kobernus, Broday,
& Bartonova, 2014], EU H2020 hackAIR [Kosmidis

et al., 2018], H2020 iSCAPE [Mahajan et al., 2020],
or Sensor.Community [https://sensor.community/en]).
They mostly targeted collecting quantitative physical ev-
idence of air pollution. We believe that qualitative infor-
mation contributed by citizens can provide useful com-
plementary knowledge. We also believe that to success-
fully address air pollution, physical data needs to be com-
plemented by taking into account people’s attitudes and
perceptions. We have collected qualitative VGI informa-
tion on AQ—reporting personal perception of the sur-
rounding air through smartphone applications (apps).

To the authors’ knowledge, there are two main cate-
gories of studies on perception of urban air pollution per
today. The first category investigates individual charac-
teristics that lead to a certain perception of air pollution
(e.g., Mayer, O’Connor Shelley, Chiricos, & Gertz, 2017;
Oltra & Sala, 2018). These studies investigate if percep-
tion of air pollution is influenced by factors such as risk
beliefs, perceived threat or risks of air pollution, coping
options and self-protective actions (Mayer et al., 2017;
Oltra & Sala, 2018).

Studies in the second category compare AQ per-
ception of volunteers with actual measurement re-
sults (e.g., Deguen, Padilla, Padilla, & Kihal-Talantikite,
2017; Pantavou, Lykoudis, & Psiloglou, 2017; Pantavou,
Psiloglou, Lykoudis, Mavrakis, & Nikolopoulos, 2018).
Some of those studies comprise of a quite complex study
design, collecting, e.g., meteorological data, AQ data, in-
formation on the volunteers’ age, gender and health sta-
tus and their perception of the AQ at a specific geo-
graphic area over a specific time period. Some of the vol-
unteers were even asked more specifically about their
concern about AQ, level of support for certain AQ mea-
sures, or how informed they felt about certain measures
(Schmitz et al., 2018). In another study additional individ-
ual characteristics such as family status, education level,
occupation, housing area or commuting habits were put
into relation with air pollution measurements (Deguen
et al., 2017). In summary the results from both, the first
and second category studies show that AQ perception
depends on a broad range of internal and external fac-
tors and that ambient AQ is amultidimensional issue that
influences people differently.

Here we introduce a novel third category, applying
VGI technologies—i.e., smartphone apps-for reporting
AQ perceptions. These activities have been carried out in
the EU FP7 CITI-SENSE project (2012–2016) and the EU
H2020 hackAIR project (2016–2018). Both projects en-
gaged volunteers in AQ measurements in several places
in Europe by reporting both sensor measurements and
own perceptions of AQ. In this article, we look closer
at the AQ perceptions reported by volunteers from the
greater Oslo area in Norway and compare the percep-
tion data with data from reference AQ measurements
and models. We discuss the results and conclude with
recommendations of potential use of VGI methods for
reporting AQ perceptions.
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2. Study Area and Approach

Our study has its origin within the project CITI-
SENSE (2012–2016). CITI-SENSE developed ‘Citizens’
Observatories’ based on a collaborative concept with
a focus on citizens’ empowerment to influence their
community policy in decision-making regarding AQ is-
sues (Liu et al, 2014). As a part of the empowerment
process, we aimed to raise awareness of AQ problems
amongst citizens.We developed different tools, amongst
them a smartphone app (CityAir app; see Figure 1, left),
enabling people to indicate their perception of the sur-
rounding AQ through a four-colour code. After down-
loading the app from Google Play or the App Store,
the user could generate a user profile containing socio-
demographic information (i.e., gender, age and educa-
tion level). However, this information was not required
in order to use the app. AQ perception could be re-
ported by positioning a coloured marker on a map as
provided by the smartphone’s GPS location. The user
could choose between four colours (green = ‘very good,’
yellow = ‘good,’ orange = ‘poor,’ red = ‘very poor’) to
indicate how they perceived the AQ at their location.
When choosing the colour yellow, orange or red, indicat-
ing that the perceived AQ was other than ‘very good,’ a
second window would open where the user could select
one or several of the perceived air pollution sources (i.e.,
traffic, industry, residential heating, port/harbour, dust,
smoke, strong odour, pollen, others and ‘I do not know’).
The user could also leave a comment. The CityAir app
also allowed the user to see what other users reported.
Every time a user left a marker or a comment, the fol-
lowing information was stored locally on the phone and

was later uploaded and stored to the cloud service we
used in the project: colour of marker, GPS location, date,
gender, age, education level (if available), perceived air
pollution source(s) and any free-text comments. In case
the user did not have Internet connection while report-
ing, the information was uploaded to the server as soon
as the phone had Internet connection.

Public perception data was collected through the
CityAir app between 1st September 2015 and 31st
October 2016. Users were recruited from participants at
the European Green Mobility week (N ≈ 150 people), a
scientific breakfast event (N ≈ 70), leaflets in 21 public
libraries in Oslo, distribution of leaflets to three schools
and 17 kindergartens participating in other elements of
the project, promotion of the app on Facebook, Twitter
and web pages, information to volunteers who mea-
sured AQ (N ≈ 40), and through a dedicated four-day so-
cial media campaign in collaboration with research part-
ners and a patient organization.

A similar app was used within the EU H2020 hack-
AIR project, an open technology platform for anyone to
access, collect and improve AQ information in Europe.
The main aim of the hackAIR project was to raise public
awareness about the problem of air pollution and at the
same time as motivating citizens to monitor outdoor AQ
on their own (Kosmidis et al., 2018). This could be done
through building their own low-cost AQ sensors, taking
a picture of the sky (Spyromitros-Xioufis et al., 2018)
or reporting subjective perceptions of the surrounding
AQ. The option of reporting personal AQ perception was
part of the hackAIR smartphone app (Figure 1, right).
In order to submit AQ perceptions, the user had to go
to the ‘perception of AQ’ tab at the smartphone app,

Figure 1. From left to right: Screenshot of the CityAir app and the functionality to report personal perception in the
hackAIR app.
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turn on GPS location and choose one of four categories:
‘very good,’ ‘good,’ ‘medium’ or ‘bad.’ By choosing one
of these categories and clicking the ‘submit’ button, the
perception was automatically logged and appeared on
the map at the position provided by the smartphone’s
GPS. The anonymisedobservation could be seenby other
hackAIR users on a map.

AQ perception has been reported through the hack-
AIR app between 9 February 2018 and 8 February 2019.
Participants were recruited during ‘build-your-own-AQ-
sensor’ workshops (115 persons) and through social me-
dia campaigns (Facebook event and Facebook video).

Both CityAir and hackAIR smartphone apps were de-
veloped for Android and iPhone andweremade available
through Google Play and App Store where they are still
available for download today.

In this article, we address the perceptions of volun-
teers in the greater Oslo area in Norway, obtained from
theCITI-SENSE andhackAIR projects. For the greaterOslo
area, we have access to high-resolution (100 × 100 m)
output from the state-of-the-art urban-scale air pollu-
tion dispersion model EPISODE (Hamer et al., 2019), and
we are able to match the obtained VGI data with the
model results using the GPS position. Using the EPISODE
model allows us to obtain AQ information at any spa-
tial location in the city. Comparing the collected data
with observations from AQ monitoring stations would
limit the comparison substantially because the compar-
ison could only be carried out in the immediate vicinity
of the station, thus eliminating the vast majority of per-
ception samples from further analysis. We use this data
to perform a basic comparison of the qualitative percep-
tions against annual average estimated air pollution in
order to investigate to what extent the spatial patterns
of subjective perceptions align with modelled AQ esti-
mates. More specifically, we have extracted the annual
average modelled concentration value for each of the
three main pollutants (NO2, PM2.5, and PM10) at each lo-
cation where perceptions were reported. The actual an-
nual average is obtained as a bilinear interpolation be-
tween the neighbouring four grid cells at 100 × 100 m
resolution. We then plotted and summarised the values
for each perception class.

3. Statistical Analysis

In this article, we present the results of two data collec-
tion studies, the first using the CityAir app and the sec-
ond using the hackAIR app. The classification of pollu-
tion levels consists of four classes in both apps, though
the hackAIR app uses ‘medium’ where CityAir uses ‘poor’
and ‘bad’ where CityAir uses ‘very poor.’ Other differ-
ences are that the CityAir app allows the user to regis-
ter (i) demographics information and (ii) which source of
pollution they think contributes to reduced AQ.

Sampling periods in this article are for CityAir,
September 2015–October 2016, and for hackAIR,
February 2018–February 2019.

On the basis of the CityAir app data, we would like
to establish if the perceptions reported through the app
differ based on gender, age and education level, using a
contingency table approach; this is to ascertain if the sub-
sequent analysis of association between the perception
and AQ needs to be controlled for these factors.

For both sampling periods, we assigned to each per-
ception registration the annual average pollution level
corresponding to the year of the registration. This aver-
age was calculated by the EPISODE model.

For both studies, we investigate whether the percep-
tion reported through the apps correlates with a long-
term average air pollution model. We have limited our
work to an analysis of variance of a hypothesis ‘does
the air pollution differ between perception classes’ for
each air pollutant separately, using pairwise Wilcoxon
Rank Sum tests. We then tested the null-hypothesis that
average pollution levels are the same for all percep-
tion classes.

4. Results

4.1. CityAir App

4.1.1. Demographics

332 reports were available for analysis. However, we
used the parameters ‘male,’ ‘1970,’ and ‘high school’ as
demographic standard settings that people could but did
not have to change, and ‘traffic’ as a pre-set pollution
source, that could be changed. For demographic analy-
sis, we had to de-validate cases recording only the three
pre-selected categories to make sure only valid cases re-
mained. Thus, we had 241 valid reports for age, gender
and education level that could be used for the socio-
demographic description of the population involved.

The CityAir app userswere 55%male and 45% female.
The app was more commonly used by younger people:
65% of users were born between 1970 and 1989. About
one third of the participants were born before 1970,
more than 60% between 1970 and 1990. Participants
were rather well-educated: 62% of the participants held
a university degree and 28% a PhD; only 10% of the par-
ticipants have not completed university (Figure 2).

In our sample, we had more younger men (born
1970–1989) than women and more older women (born
1960–1969) than men. More men than women reported
high school and university as highest level of education,
whereas more women than men held a PhD degree
(Figure 3).

A contingency table analysis (perception vs educa-
tion, perception vs gender, perception vs decade of
birth) did not reveal any significant differences (Table 1).

4.1.2. AQ Perception

Since there do not seem to be any statistically significant
differences in reporting based on education level, gen-
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Figure 3. From left to right: Distribution of age and gender and distribution of education level and gender of the CityAir
app users.

Table 1. Distribution of perception reporting, by age, gender, and education level (N = 241).

Year of birth Gender Education level

Before 1981 and School and
Perception 1960 1961–1970 1971–1980 later Male Female high school University PhD

Very good 16 28 50 28 70 52 10 77 35
Good 4 20 23 12 26 33 6 40 13
Poor 1 5 21 7 21 13 5 18 11
Very poor 2 8 12 4 15 11 2 16 8

Note: Test by chi-square revealed statistics values chi-square = 11.28 (9 d.f.) for relation with age category, 4.03 (6 d.f.) with education
and 3.83 (3 d.f.), all of them not significantly different from zero (p = 0,05).
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der or age, we used all 332 reports for the analysis relat-
ing perception to AQ. 75% of the participants assessed
the greater Oslo area AQ as ‘good’ (52% ‘very good,’ 23%
‘good’), only 21% reported ‘poor’ AQ in Oslo (13% ‘poor,’
8% ‘very poor’; see Figure 4).

We obtained more perception data in autumn 2015,
due to the first recruitment activities. A bad AQ episode
in February 2016 resulted in more frequent use of the
CityAir app. We intensified our recruitment activities in
April, followed by a Facebook event in May, which led to
a higher number in reports, and a newspaper article on
the project was published in September.

4.1.3. Perceived Air Pollution Sources

Users could also indicate what pollution source(s) they
thought contributed to the bad AQ. Multiple answers
were possible. In first place was ‘traffic’ with 115

reports, followed by ‘dust’ with 41 reports. The re-
maining categories were named less than 20 times,
with ‘port/harbour’ in last place with only two reports
(Figure 5). However, note that ‘traffic’ was a pre-set pol-
lution source, that people could—but did not have to—
change. Thus, it cannot be ruled out that the high num-
ber of ‘traffic’ reports could be caused by people who did
not change the pre-set pollution source.

4.2. hackAIR App

The hackAIR dataset consisted of 204 reports. 55% of the
volunteers reported Oslo AQ as ‘very good’ (N = 112)
and 32% as ‘good’ (N = 66). The designation ‘medium’
was assigned to the Oslo air by a total number of 25 vol-
unteers (12%) and only one volunteer equalling 0% re-
ported the class ‘bad’ (Figure 6). It was not required to
provide information on gender, age or education when

Figure 4. AQ perception of the CityAir app users (in %).

Figure 5. Pollution sources indicated by the CityAir app users.
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Figure 6. AQ perception of the hackAIR app users (in %).

logging on to the hackAIR app. Users could also choose
not to indicate any pollution sources.

The official hackAIR-launch took place in February
2018, followed by a number of local workshops in
March/April and June 2018, where people could build
their ownAQ sensors. At these events, we also promoted
the use of the hackAIR app to report AQ perceptions.
Both occasions resulted in a higher number of reported
AQ perceptions. We arranged a Facebook event in June
2018 to promote the use of the hackAIR app. This led to
a higher number of observations. In autumn that year,
we arranged another round of workshops, followed by
a Facebook video to promote the use of the app for re-
porting personal AQ perceptions. This resulted again in
a higher number of perceptions reported through the
hackAIR app.

4.3. Comparison with AQ Estimated by the EPISODE
Dispersion Model

To evaluate whether the reports on perceived AQ from
the perception datasets contain information about the
actual spatial patterns of AQ, we carried out a compari-

son of the perception data against the output from the
high-resolution urban AQ model EPISODE (Hamer et al.,
2019). This complex model has been verified to repre-
sent the AQ well both in time and space and it provides
point estimates with spatial resolution of down to five
meters. The results indicate a relationship between the
average modelled pollutant concentrations and the pro-
vided perception reports, thus indicating that the spatial
patterns of perceived AQ are not entirely random but fol-
low to some extent spatial patterns of AQ.

Figure 7 shows modelled annual average concen-
tration fields of NO2, PM10 and PM2.5 for the greater
Oslo area and also indicates the location of the per-
ception reports from both the CITI-SENSE and the hack-
AIR project. While the vast majority of perception re-
ports was located within the city of Oslo (hotspot slightly
north from the map centre), some reports were also re-
ceived from less densely populated areas outside the
city limits.

Figure 8 shows how the average modelled AQ for the
three pollutants varies with the four perception classes
for the CityAir dataset (N = 332; above) and for the hack-
AIR dataset (N = 204; below).

Figure 7. Long-term average concentrations in units of µg/m3 for the greater Oslo area as provided by the EPISODE model
(Hamer et al., 2019). Notes: The pollutants NO2, PM10, and PM2.5 are shown in the left, centre, and right panel, respec-
tively. Locations of the perception reports are marked as + for CityAir and as x for hackAIR. Axes units are degrees latitude
and longitude (WGS84).
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Figure 8. Combined Box- and Violin-plot showing the modelled annual average concentration for NO2, PM10, and PM2.5,
respectively, extracted at the location of the four perception classes used in the CityAir app (above) and the hackAIR app
(below). Notes: The slightly transparent areas in the background of the boxplots show the actual underlying distributions.
The lower and upper hinges of the boxplots correspond to the 25th and 75th percentiles, whereas the whiskers extend to
1.5 times the interquartile range with any data beyond the whiskers (outliers) plotted individually.

For CityAir, we can observe in all three cases that the
medianmodelled pollution level systematically increases
from the ‘very good’ to the ‘very poor’ perception class.
While there is significant overlap between the individual
classes, this shows that on average the reports on per-
ceived AQ match the expected spatial patterns.

For the hackAIR data, not all perception classes are
populated with enough samples to calculate the appro-
priate summary statistics (i.e., the ‘bad’ class only con-
tains three values) and the computed differences are less
significant and prone to higher uncertainties. However,
the general pattern of increasing modelled concentra-
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tion levels with perception classes going from ‘very good’
to ‘bad’ prevails. One exception can be seen for NO2
where the ‘excellent’ class has approximately the same
median as the ‘good’ class. This is quite likely a result
of the comparatively low number of samples. It is ex-
pected that with an increasing number of perception re-
ports, the figure for hackAIR would begin to resemble
more clearly the patterns seen in the figure for CityAir
(Figure 8).

Table 2 shows the adjusted p-values for pairwise
Wilcoxon Rank Sum tests and thus gives some indication
on which of the differences in class medians shown in
Figure 8 are statistically significant. For the CityAir app the
‘very good’ class is different from nearly all other classes
(except for the ‘good’ class of PM10 and PM2.5). The other
classes are not statistically significant against each other.
For the hackAIR app it is only the ‘medium’ class for NO2
that is statistically significant from the ‘very good’ class.

5. Discussion

Our results indicate that the perception data have the
potential to indicate local AQ, in our case measured as
an annual average for three pollutants. In urban areas,
themost prominent sources of air pollution are local traf-
fic and residential heating. Traffic in particular is likely
to contribute to other stressors such as noise, and areas
with high traffic load are also likely to lack qualities such
as green spaces.

The pilot studies in both the CITI-SENSE and the
hackAIR project have not been designed to demonstrate
whether or to which degree citizens-as-sensors/VGI can
produce useful AQ data. The main purpose was to en-
gage with citizens, raise awareness about AQ and to pro-
vide themwith a tool to report their own AQperceptions.

In this article, we look closer at the AQ perceptions
reported through VGI tools in the greater Oslo area, and
try to understand if there are any patterns that are not
related to AQ. We observed that both CityAir and hack-
AIR participants judged the AQ in the greater Oslo area

as good. It would be interesting to explore in more de-
tail the motivations for the answers given, but the in-
formation obtained through the two apps allows this
only to a limited degree. Perception is a complex and dy-
namic process that differs between individuals. It is in-
fluenced by a wide variety of internal and external fac-
tors (Bickerstaff & Walker, 2001). Several studies have
found a positive correlation between age, gender, educa-
tion and socio-economic background to AQ perception
(Bickerstaff & Walker, 2001; Brody et al., 2004; Deguen
et al., 2017; Forsberg, Stjernberg, & Wall, 1997; Howel,
Moffatt, Prince, Bush, & Dunn, 2002; Pantavou et al.,
2017; Schmitz et al., 2018). Studies by Piro, Madsen,
Næss, Nafstad, and Claussen (2008) on the other hand
showed that there was no significant relationship be-
tween the perception of AQ and factors such as age,
education, and gender. For the CityAir users, we can-
not confirm significant dependencies of perception on
gender or education level. The difference between per-
ception in different age classes is rather weak, possibly
due to the low number of observations for some classes.
Additional determinants for perception, such as health
(i.e., people with poorer health often report AQ to be
worse than those with better health; see Howel, Moffatt,
Bush, Dunn, & Prince, 2003; Orru, Nordin, Harzia, & Orru,
2018; Schmitz et al., 2018) or general concern about the
environment and AQ in particular (studies show that peo-
ple that are generally concerned about AQ seem to per-
ceive AQ as worse than it actually is, even though objec-
tive AQmonitoring data shows that theAQhas improved;
see Mally, 2016; Oltra & Sala, 2018; Schmitz et al., 2018),
cannot be explored due to missing information about
these factors.

AQ perception can also be shaped by the area of resi-
dence, source of pollution and thermal sensation (Huang,
Rao, van der Kuijp, Bi, & Liu, 2017; Pantavou et al.,
2017). In general, people more likely perceive air pollu-
tion when they can see dust, hear traffic and see exhaust
fumes, rather than when it cannot be sensed through vi-
sual and sensory feedback (Gatersleben & Uzzell, 2000;

Table 2. p-value matrices of non-parametric pairwise Wilcoxon Rank Sum tests for the data shown in Figure 9.

CityAir hackAIR

Very good Good Poor Excellent Good Medium

NO2 Good 0.0257 — — Good 0.3356 — —
Poor 0.0010 0.0934 — Medium 0.0477 0.1717 —
Very poor 0.0010 0.0617 0.7326 Bad 0.2199 0.2199 0.4232

PM10 Good 0.0744 — — Good 0.8797 — —
Poor 0.0027 0.1166 — Medium 0.1618 0.1618 —
Very poor 0.0027 0.0744 0.8152 Bad 0.1618 0.1618 0.1705

PM2.5 Good 0.4178 — — Good 0.6065 — —
Poor 0.0378 0.1762 — Medium 0.6065 0.6065 —
Very poor 0.0283 0.0851 0.4323 Bad 0.6065 0.6065 0.6065

Notes: Difference between classmedians that are statistically significant at the 0.95 level aremarked in bold. The p-values were adjusted
for multiple comparisons using the Benjamini and Hochberg (1995) method.
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Pantavou et al., 2018). For the CityAir app, we found
indications that the physical experience of air pollution
in spring (i.e., road dust, salt and gravel from the win-
ter) could have led to a higher reporting rate of worse
AQ perception.

The fact that the overall judgement of AQ in the
greater Oslo area was rather positive could also be at-
tributed to the so called ‘Halo Effect.’ This phenomenon
describes the tendency of people who live in a polluted
area to neglect the risks of air pollution in those areas
where they live and work (Brody et al., 2004). The reluc-
tance of people living in urban areas to recognise poor
AQ in their local environment shows that people’s percep-
tion is not only dependent on technical risks, but also on
factors such as trust (e.g., towards governments and regu-
latory institutions), political or economic empowerment
and democratic processes, cultural factors and world-
views (Bickerstaff, 2004; Bickerstaff & Walker, 2001).

Another potential reason for a bias in perceived AQ
compared to AQ measurements could be related to me-
dia activities. Media has the potential to influence peo-
ple’s perception of risks, not necessarily through creat-
ing opinions about risks or shaping risk perception, but
rather through shaping ‘the societal experience with risk’
(Cologna, Bark, & Paavola, 2017; Renn, 2008). Thus, me-
dia’s intention and the way stories are told can be quite
influential for people’s risk perception (Sharp, Jaccard, &
Keith, 2009). The influence of the media in the usage of
the CityAir and the hackAIR app is demonstrated by in-
creased reporting activities during social media events
and after publication of newspaper articles.

However, without any additional information at
hand, it is impossible to draw conclusions about the mo-
tivation or factors leading to the submission of a par-
ticular perception marker for both the CityAir and the
hackAIR app.

The second focus of this article is to compare the per-
ception data obtained through the two smartphone apps
with objective data on AQ. We carried out a comparison
of the perceived AQ data against the output from a high-
resolution urban AQmodel EPISODE (Hamer et al., 2019).
The results indicated a positive association between the
average modelled pollutant concentrations and the per-
ception reports. The CityAir app data showed a statisti-
cally stronger correlation with the AQ model than the
ones from the hackAIR app. This can to some extent be
related to the number of observations—the volume of
the data from the hackAIR app is only two thirds of those
from the CityAir app, thus, the relationship is weaker.

Our results indicate that the use of VGI for report-
ing of personal perception may prove to be of value in
different respects. It could facilitate collection of a large
amount of location specific data from people across dif-
ferent backgrounds and is not only limited to AQ or other
kinds of environmentalmonitoring. This offers the poten-
tial to provide researchers with large data sets on indica-
tions of environmental quality in places not directly cov-
ered by monitoring. Our results indicate that the percep-

tion is associated with actual pollution levels, and this
again provides higher credibility for data collected for
new hotspots.

Mobile apps like CityAir or hackAIR are low-threshold
tools that enable collection of large volumes of envi-
ronmental information from the public. The use of VGI
through apps such as CityAir or hackAIR could provide
citizens with tools for democratisation. However, several
issues need to be solved for the apps to be useful in prac-
tice, not least the recruitment of users. Despite the ef-
forts to recruit, we have only recruited a very small per-
centage of the Oslo population. Willingness to engage
with this kind of information sharing can be subject to
the same underlying factors as the individual perception
and would have to be further considered in a large-scale
reporting experiment.

Tools like the CityAir and the hackAIR appmay be suit-
able to support urban planning processes, providing cit-
izens with a voice about their own perception and ex-
periences for their neighbourhood or city. Citizens’ in-
volvement using VGI approaches in urban planning is al-
ready happening (e.g., Maptionnaire [Kahila & Broberg,
2017]), although not on a large scale.Many tools exist for
participatory urban planning, e.g., the use of the public
participation GIS (PPGIS) in urban planning (Bugs, 2012),
Urban Geo-Wiki for improving urban land cover (See et
al., 2013), the Urban Analysis Kit for crowd-creative ur-
ban design (Mueller, Lu, Chirkin, Klein, & Schmitt, 2018),
and the ChangeExplorer for generating citizen involve-
ment in local planning processes (Wilson, Tewdwr-Jones,
& Comber, 2019). It seems that PPGIS has the transforma-
tive power to empower citizens to voice their different
opinions. However, challenges such as effective engage-
ment, recruitment of a broad spectrum of people and co-
production of high-quality knowledge exchanges with ac-
tual effects on urban policy making still remain an issue
(Brown & Kytta, 2014). Since apps like CityAir and hack-
AIR do not have the capacity to resolve these challenges,
they still could be used as a ‘light’ complement for tools
that do not include any other VGI approaches. Thiswould
strengthen citizens’ voices and contacts between urban
planners, decision-makers and citizens.

We observed that reports on perceived AQ indicate
a relationship between average modelled pollutant con-
centrations in Oslo and the perception data. Thus, the ap-
plication of VGI approaches to learn about citizens’ per-
ception of AQ should be used further in urban develop-
ment to promote participation, transparency and credi-
bility. Nevertheless, it has to be ensured that uptake by
authorities is actually happening and that the citizens
participating in the VGI reporting also receive feedback
about the results and the uptake of their data.

6. Conclusion

The CityAir and hackAIR apps were designed to get feed-
back on perceived AQ over a longer time period and at
different geographic locationswithin the largerOslo area.
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The apps were not intended to investigate the motives
behind urban AQ perception ratings, but to provide citi-
zens with a voice. AQ in Oslo is most of the time below
the limit values for the three pollutants studied here. The
majority of the people that used the CityAir and hackAIR
app perceived the AQ in the greater Oslo area as good.
Where they perceived AQ as worse, the reference mea-
surements often showed values below the limit values
for the three major air pollutants (NO2, PM10, PM2.5).
However, overall, the classes of perceived AQ showed
associations with long-term average estimates. This in-
dicates that the spatial patterns of perceived AQ match
those estimated on the basis of dispersion processes.
Modelling is currently the only way to provide AQ data
with high spatial granularity. It is likely that perceived AQ
alsomatches the typical temporal patterns of AQ (e.g., di-
urnal, weekly and seasonal cycles), however due to the
relatively low number of reports available, we could not
evaluate this within this study.

Environmental decision making including urban de-
velopment should be a participatory process, embedding
also people’s perception of the environment and giving
them the opportunity to express both positive views and
concerns. Urban planning will certainly benefit from in-
cluding public perception research as a tool to better un-
derstand socio-cultural dimensions and the beliefs and
emotions that shape risk perception. The application of
VGI approaches will allow citizen engagement and pro-
vide information on how people feel about their urban
environment. This approach will provide more partici-
pation, transparency and credibility in urban planning
processes and has a potential that should be investi-
gated further.
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