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ABSTRACT
The collaborative power of ICT systems is a key enabler of social and technological advances provid-
ingmultiple opportunities for public involvement in participatory activities, thanks to novel paradigms
like citizen science and mobile crowd sensing. These paradigms, if applied according to specific
methodologies, promise to increase the pervasive observation of urban environmental pollution either
directly by human observers, or by means of crowd-sourcing data measurement tasks using sensors
in smart phones or other mobile devices. We propose a platform, named Apollon, to enable scientists
and others to take part in citizen science projects based on the exploitation of mobile devices. The
platform has been implemented and validated in an educational context, in which students participate
in urban environmental monitoring activities. In the paper, we describe the platform and the approach
developed to produce successful experiments.

1. Introduction
The World Health Organization (WHO) states that the

two main causes of pollution in urban areas are related to air
quality and noise [57, 40]. In fact, according to [57] 91% of
people living in cities worldwide experience poor air quality
and 20.000 deaths per day (nearly 7M per year!) are due to
exposure to both outdoor and indoor air pollution. Accord-
ing to [40] long-term exposure to environmental noise is es-
timated to cause 12.000 premature deaths and to contribute
to 48.000 new cases of ischemic heart disease per year in the
European territory.

This is why the WHO launched the “BreatheLife 2030”
global campaign1 with the ambitious goal of halving this fig-
ure by 2030. To achieve this change, two out of the three key
actions defined by the campaign, namely: “Citywide solu-
tions” and “Actions for individuals”, can greatly benefit from
the adoption of smart-city technologies and citizen science
approaches.

In order to address these actions, the involvement of se-
lected groups of citizen is pivotal. Fortunately, recent ad-
vances in ICT technologies have made mobile devices and
cloud computing two pervasive enabling factors fostering
the required systemic change. Moreover the increasing cen-
trality of people in the Internet has moved the paradigm to-
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wards the so-called “Internet of People” [11, 10], where“per-
sonal devices have become their proxies in the cyber world,
in addition to acting as a fundamental tool to sense the phys-
ical world”. This new paradigm, from the end–user’s per-
spective, singles out some challengeswith regard to the value
and reliability of data collected and shared within the net-
work of people. Moreover, it offers new opportunities to re-
inforce the human control of personal data opposite to the
trend to concentrate personal data in a few proprietary plat-
forms, or the chance to process and share data among nearby
people rather than sending everything to cloud platforms.

In this scenario, professional scientists and researchers
aremore andmore interested in the role that non-professional
practitioners can play in new research projects, and how they
can exploit profitably their contribution. The involvement
of the public in scientific activities is not novel: in the last
two decades, a considerable shift towards open science has
appeared in several contexts [49]. Nowadays, technological
advances make it possible for the public to address scientific
investigations not only as data captors but also as indepen-
dent non-professionals, capable of conducting research ac-
tivities on their own or with a significant autonomy within
global scientific projects, thus becoming part of the “Citi-
zen Science” realm [37]. This trend is also supported by
a changed mindset among scientists, who now realize the
benefits achievable by engaging volunteers from the pub-
lic in terms of cost-reduction, increased project application
range, improved public awareness on significant topics and
wider dissemination of research outcomes. However, sev-
eral challenges have yet to be coped with (e.g., data prove-
nance qualification, data validation, volunteer engagement
and motivation strategies, privacy preservation, anonymiza-
tion, etc.) [12, 3], the number of citizen science projects is
increasing. According to a recent survey conducted in Eu-
ropean cities [24], such activities now span across multiple
domains, ranging from life sciences to engineering, and from
cultural heritage to social sciences.
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Public involvement in citizen science activities, specifi-
cally tailored to the educational perspective and capable of
addressing global - local (i.e. glocal) problems, requires
a suitable methodology and proper technological solutions,
such as leveraging of mobiles, miniaturized sensors, cloud
computing resources and social networks. Mobile devices,
more specifically, play a pivotal role in such a scenario, thanks
to the Mobile Crowd Sensing (MCS) paradigm. Therefore,
our investigation aims at exploiting the two emerging tech-
nological trends of citizen science and MCS in promoting
civic engagement in sciencewith significant educational out-
comes.

In this paper we describe the lesson learned during the
“Apollon Project” (formerly the "City SoundScape Project"),
which aimed to support the "BreatheLife 2030" campaign by
monitoring environmental pollution in two Italian regions
and was poised to be expanded on a wider scale. Since 2015
our research has involved more than 500 students, teachers
and families, and it has raised their awareness about the di-
rect impact of daily activities on the environment. Specific
attention has been devoted to citizen science-related aspects
because of their relevance to the correct interpretation of the
overall results. Unlike the former City SoundScape (which
was based on noise data collected by citizens [63] and pro-
vided city administrators with a planning tool for sustainable
urban mobility), Apollon is a multi-parameter platform for
noise, air and UV-A/B pollution monitoring and integrate
heterogeneous data sources (institutional, open data, social
networks and crowdsourcing) to provide services to Com-
munities of Interest (CoIs) and Public Administrations. It is
developed to support collaborative, services on a large scale
and involves schools and families in environmental monitor-
ing, for the collection of trustworthy data. In this work three
main research questions are investigated:

1. How to make urban environmental monitoring truly
pervasive, so that sensing data from institutional mon-
itoring stations can be complemented by crowdsens-
ing.

2. How to validate the robustness of our citizen science
approach against the presence of wrongmeasurements
and outliers in collected datasets.

3. How to achieve satisfactory data quality (i.e., data bi-
ases must be known or estimated in advance and data
accuracy must be acceptable) by properly training and
involving citizens in the data collection phase.

With the aim of describing the citizen science approach de-
veloped in the project for involving people in data collection
activities and providing good quality data, we structured the
paper as follows: Section 2 describes the background of ur-
ban monitoring and the recent trends in citizen science and
mobile crowd sensing. The Apollon initiative is presented
in Section 3. Section 4 reports the guidelines and the meth-
ods developed for effective citizen science initiatives using
MCS. Section 5 reports the achieved results and their signif-
icance. Conclusions and further developments are drawn in
Section 6.

2. Background and related works
2.1. Urban environmental monitoring

Traditional urban pollutionmonitoring campaigns are per-
formed using interconnected Air Quality Stations (AQS) and
Noise Monitoring stations. These correspond to normative
monitoring systems and are used in the application of policy-
making, environmental laws enforcement and health and dis-
ease studies, among other applications. However, a relevant
problem with these monitoring systems is the costs asso-
ciated with the instruments involved, over $200,000 USD
per unit for an AQS and some tens of thousands USD per
unit for noise stations. Therefore, the number of monitor-
ing stations is limited, especially in large cities [6], where
equipment requires qualified professionals to perform main-
tenance and since it is located at passer-by level, can eas-
ily be damaged, tampered with, or subjected to robbery or
vandalism. Conversely, environmental conditions and urban
morphology are relevant aspects affecting the distribution
of both air pollutants and acoustic waves, making it hard to
model an entire time space distribution at microscale. This
fact generates the necessity of improving widespread moni-
toring networks. The advent of low-cost technologies has al-
lowed the development of different applications over the re-
cent years. Low-cost sensors still have questionable quality
because of their low accuracy and unstable response, which
is the reason for the initial skepticism of the official metrol-
ogy. In recent years reports from the European Environmen-
tal Agency (EEA) [15] and the World Meteorological Orga-
nization (WMO) [4] have declared that low-cost sensors are
not currently a substitute for reference instruments, but they
have pointed out that large low-cost network implementa-
tion, combined with statistical analysis and machine learn-
ing, could complement the quality of the current official data
and provide new pathways to obtain accurate, real-time in-
formation about the temporal and spatial variability of pollu-
tants. Therefore, citizen engagement should be encouraged
and decision-making should be empowered through data-
driven insight. In order to improve data quality, iterative
calibration treatment based on numerical simulation like in
[5],[13] is recommended, because although some devices
are relatively reliable, low-costs sensors can, for example, be
sensitive to weather conditions or lack the capacity to mea-
sure very high or very low pollutant concentrations. This is
the case with Airbeam (HabitatMap), a pollution monitoring
device used for collaborative mapping in New York, which
is very sensitive to wind, as stated in [36]. The US Environ-
mental Protection Agency suggests a range of applications
in order of significance based on the quality of the acquired
data by different devices [58], as summarized in Table 1:

• Education and information: this kind of application
exploits the sensors as teaching tools. In this case,
measurements have to be considered in a qualitative
way, to make relative comparisons between measure-
ments taken in different conditions (different places,
different periods, etc.); in fact, the uncertainty that af-
fects the measurements does not allow for retrieving
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reliable data and carries a 50 % accuracy error.
• Identification and characterization of hotspots: this

kind of application relies on fixed stations and/or mo-
bile sensors to map and establish pollution sources.
The sensors will determine where the concentration
of pollutants is very high, in order to find the source.
In this case, the precision and bias error can reach +/-
30%.

• Supplementary monitoring network: this kind of
application is used to support the official monitoring
network. Additional low-cost sensors are positioned
in the territory of the official network in order to map
uncovered areas and supply usefulmeasurements, com-
plementary to the official ones. Of course, these sen-
sors do not guarantee the same quality as those from
official stations, but they are still useful to recognize
potential pollution sources. In this case, the precision
and bias error should be +/-30 -50%.

• Monitoring of personal exposure: this kind of ap-
plication is used to analyze the effects of air pollu-
tion on people’s health; hence, it is more focused on
its consequences, rather than on pollution itself. The
EEA measures the Air Quality Index, which repre-
sents the personal exposure to air pollution. Currently
it is based on hourly collection of data coming from
the official monitoring network, with the result that it
is very often not available or not calculated. In this
case, the precision and bias error should be +/-30% or
better.

• Official legal monitoring: this kind of application is
regulated by national rules, therefore it is the one that
guarantees maximum quality and formality. It is, in-
deed, the application that, more than the others previ-
ously described, can reliably state whether a specific
area is safe or not, according to thresholds values. In
Italy, official monitoring is performed by the Regional
Environmental Protection Agencies (in Italian, abbre-
viated as ARPA), through their fixed and mobile sta-
tions, scattered over the Regions and cities. ARPA
monitoring stations can be classified as traffic, urban
industrial or rural industrial. Official monitoring fol-
lows very stringent standards, so that the measured
values can be considered correct and reliable. For this
reason, the precision and bias error must not exceed
+/-15%.

A specific line of scientific research is related to the de-
velopment of low-cost sensors for air qualitymonitoring ([43,
6, 58]), as well as several contributions related to the bench-
mark of smartphone microphones that are usually involved
in outdoor noisemonitoring ([27, 26, 53]). Currently, a num-
ber of projects use low-cost sensors for monitoring noise and
air quality. For In noise monitoring several apps are avail-
able for measuring sound levels for personal use, including
the Advanced Decibel Meter, Sound Meter Pro or Decibel

Meter Pro. Only a few research works address noise map-
ping, including the “Ear-Phone” project [44], where Nokia
phones were used to predict sound levels in a given environ-
ment, “NoiseSPY” [25], which exploited smartphones car-
ried by bicycle couriers to collect data in Cambridge, the
“2Loud?” project [29] that uses iPhones to assess nocturnal
noise within buildings near highways in Australia and Sonyc
[1], which measures sound levels and visualizes sound maps
in New York. One of the main limitations of such projects
is that users are only involved as data collectors but no spe-
cific platform functionalities are tailored for them or for city
managers for improving citizens’ life quality. Therefore, if
specific software solutions for noise mapping within urban
contexts are needed, city managers have to consider pro-
fessional systems and platforms, such as the software ap-
plication suite developed by SoftNoise (SoftNoise GmbH),
which provides a complete tool-set of products for environ-
mental noise calculations (“Predictor - LimA”) and map-
ping (“MapAtWork”), as well as for occupational noise map-
ping (“NoiseAtWork”). SoundPlan Acoustics (SoundPlan
GmbH) represents a similar solution: it is a noise modelling
software for technicians and professionals, which offers ad-
vanced noise mapping and animation functionalities for 3D
scenaeries. The obvious drawback of such products is repre-
sented by their high cost and the necessity of skilled person-
nel capable of managing them properly. Consequently, city
administrations typically cannot adopt them on a large scale.
In cited project there is no evidence about the approaches to
improve the trustworthiness of data collected by users. City
SoundScape project[31] has been one of the first examples
of how citizens would be systematically involved in partici-
patory activities in the collection of data for supporting the
smart planning of urban mobility. The same project has ap-
plied techniques of context awareness for improving the data
provenance. Currently, even if noise is the second pollutant
in our cities, it is still largely neglected in public opinion
and a long path is required for both improving the quality
and volume of collected data and to create the conscious-
ness of its impacts on health [40]. For the monitoring of
air quality using low-cost sensors networks, more projects
have been developed over time, often related to the impact
on health ([28], [7], [38]), even pushing the use of citizen
science approaches to systematically involve citizens, as re-
ported in [15]. The following section is specifically focused
on this topic and on how it is evolved with the advent of dig-
ital technologies.
2.2. Citizen Science: A Fast-Growing Trend

Citizen Science has started several decades ago [19] as
a collaboration of scientists and non-professionals in ongo-
ing research projects to provide raw measurements, espe-
cially in the field of weather monitoring [49]. A more struc-
tured approach then followed, known as collaboration [19],
in which citizens participate to the different phases of a sci-
entific study (i.e., project design, data collection, data anal-
ysis, result dissemination), under the guidance or in collab-
oration with scientists and/or research institutions [48]. A
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Table 1
Recap of air pollution main applications. Modified from [58].

Tiers Application area Pollutants Uncertainty Data completeness
I Education and information All ≤ 50% ≥ 50%
II Hotspot identification and

characterization
All ≤ 30% ≥ 75%

III Supplemental monitoring Criteria Pollutants, Air Toxics (incl. VOCs) ≤ 20% ≥ 80%
IV Personal exposure All ≤ 30% ≥ 80%
V Regulatory monitoring O3 < 7% ≥ 75%

CO,SO2 < 10% ≥ 75%
NO2 < 15% ≥ 75%
PM2.5, PM10 < 10% ≥ 75%

further step forward is now in place: non-professionals not
only volunteer in collaboration with scientists but also de-
fine and perform scientific analyses on their own, thus be-
having as “civic scientists”. This category of engagement
is defined as co-creation [19] and it is gaining progressive
significance worldwide. The trend is so significant that a
dedicated Web portal for finding, joining and contributing
to citizen science projects worldwide has been founded by
the American National Science Foundation and by the Ari-
zona State University’s Center for Engagement and Training
in Science and Society. The portal, under the name of SciS-
tarter [47], currently showcases “more than 1600 formal and
informal research projects, events and tools” [47].

Several factors have enabled these advancements in cit-
izen science: ICT technologies (e.g., GPS positioning; im-
provement in Bluetooth LowEnergy, BLE, andwireless con-
nectivity, cloud computing, data crowdsourcing, big data ca-
pabilities, visual analytics, social networks, etc.) and the in-
creasing portability and pervasiveness of electronic devices
(e.g., smartphones, tablets, wearable devices, etc.); the grow-
ing interest of citizens in local environment and its impact on
their quality of life; the do-it-by-yourself approach in people,
which is often motivated by an increased technical familiar-
ity with electronic devices, especially in youngsters, due to
their constant use of smartphones (e.g., video chats, mul-
timedia streaming, online gaming, mobile Web browsing,
etc.). The majority of these features push towards the in-
cremental use of participatory approaches in citizen science,
even adopting the Mobile Crowd Sensing Paradigm (MCS),
as explained in the next Subsection. Two challenging as-
pects related to citizen science are the engagement potential
and the citizen retention rate over time. Different approaches
are used, to motivate citizens, as surveyed in [33], and ana-
lyzed in [45] and [46]. Of interest is the use of marketing ap-
proaches to improve retention as reported in [14] Moreover,
often, even the usability of collaborative platforms that sup-
port citizen science projects impacts retention, as reported
in [59]. The previously reported experiences are integrated
in our approach, as described later.
2.3. Mobile Crowd Sensing (MCS) in Citizen

Science
From the technical perspective, the involvement of peo-

ple for enabling large-scale, pervasive and cost-effective phys-

ical monitoring is addressed thanks to the Mobile Crowd
Sensing paradigm [20]. It exploits a variety of sensors, that
are available as purpose-built units or are embedded in con-
sumer electronic devices (e.g., wearables, smartphones, dash-
cams, etc.) and connected via USB or BLE/Wi-Fi to other
systems (e.g., vehicular devices, Internet etc.). The MCS
leverages the combination ofmobile sensing and crowdsourc-
ing in order to complement, widen and enrich the scope of
traditional monitoring solutions.

The way users are involved inMCS activities can be two-
fold [18]. In opportunistic MCS¸ users grant to a dedicated
mobile app the permission to collect data and to contribute
to the sensing process without being directly involved (e.g.,
the user does not actively decide when performing a sens-
ing operation), so that the entire process is managed oppor-
tunistically by the internal logic of the mobile app itself. In
participatoryMCS, on the other hand, users are consciously
engaged so that they can actively decide when and how to
trigger the sensing operation by using a dedicated mobile
app. In both the modalities, several features of mobile de-
vices can be exploited, ranging from reliable communica-
tion capabilities (both long- and short-ranged) to significant
computational power.

Application areas are classified according to monitor-
ing typology: road and traffic management are among the
very first investigated domains and still attract interest [39].
Emergency management (e.g., earthquakes, landslides, tor-
nadoes, floods, etc.), disaster relief and first-response coor-
dination are also areas of application both for indoor and
outdoor scenarios [35]. Also for environmental monitoring,
several pollution typologies have been investigated: air [16],
water [46], noise [62, 44] and electromagnetic fields [30].

We believe that participatory MCS fits perfectly into the
citizen science scenario, as it eases the way for citizens to
partake in scientific research activities by collecting data,
performing monitoring campaigns and being part of spe-
cific inquiry processes. Thanks to the pervasive distribution
of mobile devices, observations coming from professional
measurement stations on the ground can be complemented
by purposely designed MCS activities. These assumptions
are backed up by several MCS initiatives in the smart citi-
zenship and citizen science domains [61].
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2.4. Communities of Interest
Citizen Science initiatives can benefit from gathering par-

ticipants into Communities of Interest (CoIs), with the aims
of planning and joining specific interventions and meeting
like-minded people[52]. These communities are groups of
citizen and scientists that share common interests and en-
gage in knowledge sharing, collaborative learning and sci-
entific inquiry during their participation in citizen science
activities [42]. Therefore, members of a CoI can be people
living or working in the same place (e.g., inhabitants of the
same city, students of the same school) that are interested in
knowing the pollution levels around them and improving the
quality of their living/working environment. Since the join-
ing factor is represented by scientific inquiry in a given citi-
zen science experience, CoIs are also closely associated with
so-called Communities of Practice (CoPs). CoPs represent
an even more widely adopted concept describing a “group of
people who share a concern or a passion for something they
do and learn how to do it better as they interact regularly”
[56, 55].

3. Apollon
3.1. The Project

The Apollon Project (which stands for “environmentAl
POLLution aNalyzer”) is a research effort granted by the
Apulia Region (Italy) in 2018. It targets the development of
a platform for urban environmental (i.e. air quality, noise
and UV) monitoring and analysis. The project is heavily
rooted in the integration of heterogeneous data from several
sources (e.g, citizens-owned personal devices, city-managed
monitoring stations, etc.), and has the following aims:

1. integrating low-cost sensors scattered across the terri-
tory to create large observation areas;

2. engaging citizens in environmentalmonitoring actions
and/or campaigns;

3. involving city administrators in proper management
and exploitation of collected data.

From a technological perspective, a core requirement of
the Apollon project is to build a hybrid data layer capable
of properly integrating data flows originated by IoT sensors,
mobile devices, open data, historical data, and social me-
dia feeds. The overall architecture exploits semantic tech-
nologies and geolocalized data analysis utilities, which en-
able near-/real-time monitoring services for several types of
city end-users. Collected data are processed, aggregated and
validated in near-time before making them available to final
users via proper visual dashboards hosted by the platform
front end.

One of the featuring aspects is the coexistence of several
types of sensors that are geographically scattered. These de-
vices range from smartphones (which collect measurements
thanks to their embedded sensors as well as to external plug-
gable sensors) to low-costmobile sensing stations (e.g., sens-
ing boards based on Arduino and hosting several sensors).
Two different categories of sensors have been considered.

• Fixed stations: this group encompasses low-cost me-
tering equipment deployed by city administrators (when
/ where needed) and under city maintenance and con-
trol. These stations can be deployed in a fixed loca-
tion for long periods or, alternatively, can be deployed
on vehicles provided by city authorities and city re-
sponders (e.g., metropolitan police cars, traffic police
cars, etc.) so that their sensing devices can be moved
around the city without additional costs. It is worth
pointing out that this category does not include the in-
stitutional monitoring stations used by public admin-
istrations for environmental control, as it collects data
from low-cost stations only.

• Mobile Crowd Sensing: this category refers to data
sources whose behavior complies with MCS require-
ments. Therefore, any citizen owning a mobile de-
vice can participate in monitoring campaigns and con-
tributing her/his measurement data to the platform,
provided that she/he installs a dedicated mobile app.
Such a category exploits the self-scalability and dy-
namic infrastructures of edge/cloud computing

During the project design phase, different quantities have
been estimated for the items from the two categories en-
listed above. Indeed, while it is plausible to assume that
few fixed stations would be installed within a city area, pro-
viding continuous data flows, the number of mobile devices
equipped with a dedicated mobile app for collecting sen-
sor data can scale considerably and they can be used oppor-
tunistically according to specific contexts. This is the reason
why we can state that Apollon is configured as a full MCS
platform, which covers all the aspects of the taxonomy de-
scribed in [3]. In fact from the sensing scalability point of
view, Apollon targets the three categories of separate sens-
ing (when people gather data individually for personal use
only), cluster sensing (through the definition of the CoI con-
cept), and community sensing (because sensed data, prop-
erly anonymized, are exploited for Apollon services). At
the citizen involvement level Apollon allows opportunistic,
participatory, and hybrid sensing (a mixture of user control
and device processing) and data are sensed either continu-
ously or are executed depending on a specific context (cer-
tain time periods or places). Regarding the network infras-
tructure, Apollon can exploit existing infrastructures (e.g.,
access points and GSM), ad-hoc infrastructures and a hybrid
ones.
3.2. The Architecture

As represented in Figure 1, the architecture of the Apol-
lon platform includes four main layers:

• Edge and IoT Layer: This layer includes heteroge-
neous devices adopted as data sources. The project
manages stationary sensors (e.g., monitoring stations
provided by authorities and/or environmental protec-
tion agencies for pollution control) as well as mobile
sensors (e.g., monitoring stations placed on top of ve-
hicles routed across urban areas for mobile pollution
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Figure 1: Apollon platform: architecture in the large.

control). A further type of mobile sensor is repre-
sented by personal electronic devices, such as smart-
phones and tablets, operating according to the MCS
principles and collecting data via their embedded sen-
sors or via external sensors. Additional data sources
such as open data and institutional data repositories
as well as social media streams belong to this layer,
too. In the framework of the Apollon project, several
physical parameters are monitored: noise levels, par-
ticulate matter (i.e., PM10, PM2.5, PM1), volatile or-
ganic compounds (VOCs), and UV-A/B rays.

• Hybrid Data Collection and Processing Layer: this
layer is devoted to data storage, management, filter-
ing and integration operations performed on the data
received from the sources enlisted above. This layer
also performs geo-referencing and time-stamping pro-
cesses in order to reference measurement data in time
and space properly. It communicates with the Busi-
ness and Services Layer thanks to a dedicated Seman-
tic Layer.

• Business and services Layer: This layer is in charge
of performing complex operations on data coming from
the data layer in order to feed services hosted in the
Service sublayer. Business - to - Business (B2B) and
Business-to-Consumer (B2C) services are exposed. Sev-

eral specific modules are present in this layer, includ-
ing advanced geo-referencing, sentiment analysis, user
management, semantic analysis and integration and
open data creation.

• PresentationLayer: This represents themulti-faceted
interface used by project stakeholders to access the
platform. The layer offers visual dashboards thanks
to a dedicated Web portal, a mobile app and a Tele-
gram BOT. The contents accessible via the presenta-
tion layer vary depending on the specific stakeholder
type that request them.

As depicted at the top of Figure 1, several end-user types
have been considered. They range from communities of in-
terest (e.g., citizens groups and associations interested in per-
forming pollution measurement, and factories and industries
interested in their level of environmental pollution) to pub-
lic authorities, and from citizens (both single individuals and
associations) to other enduser categories such as schools or
healthcare providers. This paper analyses the MCS com-
ponent, for the aspects related to its effectiveness in citi-
zen science initiatives. Other details about the MCS archi-
tecture are discussed in [32], where the osmotic computing
paradigm is applied to move resources and processing to-
wards the edge of the Internet.
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3.3. Mobile App and Sensors
In the framework of the Apollon project, a mobile app

has been designed and developed allowing users to partic-
ipate in monitoring campaigns by measuring noise levels,
particulate matter levels and other pollutants. Noise levels
are sensed via internal or external, pluggable microphones.
Particulate matter levels are measured by means of commer-
cial devices for indoor/outdoor air quality control.

Four screenshots from the Apollon mobile app (Android
version), which is freely available on the Google Playstore,
are depicted in Figure 2. Screenshot (A) is the opening app
screen: from this panel, the user can start to monitor noise
levels or particulatematter levels. Once themonitoring func-
tionality has been selected, the user can decide whether to
start an automatic measurement session (i.e., the mobile app
works in the background and sendsmeasurement values each
60 seconds to the Apollon backend) or a manual session (i.e.,
the user selects in advance the duration of the measurement
session). These two working modes are representative of the
two above-mentioned MCS categories: opportunistic sens-
ing and participatory. Screenshot (B) shows how ongoing
noise measurements are shown to the user. The app moni-
tors the sound pressure level (SPL, an instantaneous quan-
tity) and the equivalent continuous sound level (LEQ, which
is the time-averaged SPL on a given time window). Both
these quantities are shown in the numerical dashboard at the
upper part of the screen and are also charted in the area graph
below. Three interaction buttons (i.e., "start measurement",
"stop measurement" and "show measurement suggestions",
depicted with a microphone icon, a square icon and a ques-
tion mark icon, respectively) complete the interface. Any
measurement exceeding regulatory thresholds is communi-
cated graphically to the user directly in the chart. Moreover,
a detailed summary of the performed measurements, as de-
picted in screenshot (C), is provided as a series of gauges that
indicate how the collected values are placed with respect to
limit values in different acoustic classes, according to the
Italian regulation. Finally, the user receives suggestions on
how to use the app and the smartphonemicrophone properly,
by means of the schematized measurement diagram shown
in screenshot (D). Measurement suggestions, live charts and
gauges activate the plan-execute-monitor cycle upon which
a citizen science initiative should be grounded.

However, it is important to point out that, while the user,
especially when involved in a participatory sensing activ-
ity, receives these suggestions from the app itself, thus di-
rectly intervening in the measurement quality, the same does
not apply to the opportunistic sensing, which could produce
large amount of data from untrusted or unreliable sources.

These aspects will be tackled by adopting a series of
guidelines to improve the effectiveness of our approach (see
Section 4.1) and by implementing proper data processing so-
lutions capable of increasing data trustworthiness and relia-
bility (see Section 5).

3.4. Applications of the Platform
The platform described so far is the third iteration of a

five-year-long effort of the authors to promote pollution con-
trol experiences with an approach based on citizen science
and MCS.

The very first implementation of the platform started as
an academic laboratorial experience in MCS applied to elec-
tromagneticmonitoring [30]. Even if the researchwasmainly
aimed at examining collaborative learning applicability and
effectiveness, it allowed us to start addressing typical chal-
lenges of MCS-based environmental monitoring.

The second implementation, funded through the Euro-
pean entrepreneurial accelerator FrontierCities and named
City Soundscape, was released in 2015 [61, 31]. It targeted
noise pollution monitoring in outdoor urban environment.

The third implementation, namedApollon and described
in Section 3, was released in July 2019: it superseded and ex-
tended City Soundscape by adding air pollution monitoring
functionalities (i.e., fine particles PM1, PM2.5, PM10, NOx,
SOx and other primary and secondary air pollutants) and a
more flexible and scalable structure in order to cope with
communities of interest and more end-user services. More-
over an alert service was included in the mobile app to notify
users when they are in areas where PM10 and PM2.5 exceed
acceptable values.

The City Soundscape web portal is still available online2
and hosts the entire dataset collected so far, ranging from the
initial City Soundscape experience to the latest measurement
campaign in the framework of the Apollon project. The new
Apollon Web portal has been published online3 as well.

From a technical viewpoint, City Soundscape and Apol-
lon have been developed in collaborationwith industrial part-
ners which have adopted their internal methodologies to test
the developed platforms and to guarantee the performance
level required for the purpose. In particular, Apollon has
been designed and developed to scale up to hundreds of thou-
sands of users spread all over the Italian regions.

4. Guidelines and Method
One of the contributions of this paper is related to a set

of guidelines and tools designed to effectively apply citizen
science to urban pollution monitoring using MCS. In this
section we report the guidelines adopted to involve schools,
students and teachers in our citizen science project accord-
ing to the relevant literature previously mentioned. More-
over, according to the lessons learned during the first two
implementations, as mentioned in section 3.4, we describe
the method developed to effectively use the platform to col-
lect and analyze data and to monitor the pollution levels.
4.1. Guidelines for an effetive citizen science

approach in Apollon
The scientific community has shown two major streams

of reactions to citizen science so far. On the one hand, scien-
2http://Apollon.x-scape.it:10080/
3http://web.apollon-project.it/

A. Longo et al.: Preprint submitted to Elsevier Page 7 of 16



Apollon: Towards a Citizen Science Methodology for Urban Environmental Monitoring

Figure 2: Screenshots from the project Apollon mobile app: opening screen (A); noise measurement dashboard (B); noise
measurement summary (C); correct measurement best practices (D).

tists acknowledge several advantages, such as reduced bud-
get limitations, cost reductions, expanded data collection cam-
paigns and widened scientific investigation scopes [51]. On
the other hand, the involvement of non-professionals in re-
search activities is still a cause of skepticism and concerns
about the challenges that citizen science poses regarding tra-
ditional research ethics, the vulnerability of specific classes
of participants, the accuracy of collected data and the rele-
vance of scientific findings [12]. In recent years, a consistent
stream of scientific literature has addressed these problems,
which we restate below as challenges (indicated as Cn), fol-lowed by the best mitigation strategies and/or guidelines (in-
dicated as Gn) we have adapted:
C1: the combination of citizen science and smartphone us-

age face several issues related to data quality, which
is predominantly affected by measurement accuracy
[41], is conditioned by measurement task difficulty,
precision of the measurement tool and the level of ex-
perience of the involved non-professionals [50]. The
result can be the presence of outliers (i.e. data points
differing significantly from the dataset they belong to),
which must be identified and whose cause must be as-
sessed whether deriving from anomalies in measure-
ment procedures or tools rather than by actual consid-
erable variations in the monitored physical quantity.

G1: to properly deal with data accuracy and data trustwor-
thiness [2], a training strategy has been adopted (see
Section 4.2) to prepare the involved citizens and en-
sure sufficient reliability of collected data. Moreover,
a formal procedure has been developed (see Section
4.4) to validate the collected dataset and avoid exces-
sive variability, misleading inferences and biased data

(i.e. data affected by systematic errors [41]).
C2: Citizen involvement is a critical challenge as MCS ac-

tivities very often evolve from initial success to pro-
gressive reduction of participants, due to several rea-
sons (e.g., repetitiveness of tasks, lack of incentives,
scarce sharing and social opportunities, excessive tech-
nical and/or scientific contents, etc.). Involvement im-
plies different aspects including how to engage and re-
tain each participant and how to scale up the number
of participants.

G2: citizen science has proven to be more effective if su-
pervised by professional researchers, who can keep
citizens engaged by providing support and enrich the
citizen scientists experience with updated news and
information via focused groups on social networks and
chats. Moreover retention can be improved using re-
muneration mechanisms according to the specific use
case as reported in [33, 14]. To scale up the number
of participants, pivots are identified who have acted
with a multiplier effects on the number of participants.
In our methods to face the challenge of citizens in-
volvement we have adopted an educational-oriented
approach by starting the citizen science projects from
within education institutions, in order to involve stu-
dents from middle and high schools first. We have
directly trained a number of students to validate the
training toolkit and the Apollon platform usability. As
pivotal elements we have selected low and high sec-
ondary school teachers, who have been trained both
on the inclusion of mobile apps in science lessons and
on the use of the tools which become means for exper-
imental collaborative activities. In our experience the
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inclusion of mobile apps has increased the interest of
students in scientific education and provided teachers
with efficient tools for implementing laboratory activ-
ities even in the case of scarce laboratory resources
[63]. In order to trigger schools participation proper
communication must be designed and implemented
using official channels and the dedicated social net-
works.

C3: Privacy and citizens’ data protection is another rele-
vant concern: proper encryption, anonymization and
data perturbation solutions have to be implemented to
preserve data privacy and protect against misuse [9].

G3: The use of a supervised approach via professional re-
searchers enables definition of the policies concern-
ing informed consent, data confidentiality, security,
data publication and sharing and users privacy in ad-
vance, and provide specific answers to citizens’ ques-
tions on the most significant ethical, legal and social
implications [17]. Moreover the Apollon platform has
developed a novel data protection service via the os-
motic membrane which filters data according to spe-
cific policies defined by citizens and/or CoIs [32].

In its first international conference (Berlin, 2016) the Eu-
ropean Citizen Science Association (ECSA) defined a set
of recommendations addressing science, policy and society,
in order to foster the further development of citizen science
[23]. These guidelines include: demonstrating scientific ben-
efits of citizen science to the public, branching out across
multiple disciplines, embracing opportunities for policymon-
itoring and development, etc. From the ECSA recommen-
dations and other studies ([15, 3] we extracted a subset of
guidelines which have been adopted in the Apollon project
andwhich are instantiated in the following subsections, namely:

1. provisioning of a kit including specific items needed
to ensure a high-quality citizen science experience,

2. iterative development of task and tool design through
a co-design approach,

3. use of standardized and calibrated equipment,
4. expert validation of performed measurements,
5. experiment replication and equipment calibration, (to

be performed amongst volunteers),
6. skill-based statistical weighting of volunteer activity

outcomes,
7. accounting for random errors and systematic bias.
Our citizen science solution, therefore, has been devised

keeping inmind the key elements discussed so far. We started
with an education oriented approach, which later also in-
volved associations and groups of interests sensitive to urban
pollution
4.2. Volunteer Training, Assessment and

Enrollment
To achieve satisfactory data quality (i.e., data biasesmust

be known in advance or at least estimable and data accuracy
must be acceptable), as specified in the previous section 4.1,

volunteers have been trained properly before participating in
measurement campaigns. In Apollon this strategy has been
preferred to the enrollment of untrained volunteers as it im-
proves significantly the overall quality of the citizen science
experience as well as that of the measured data. In addition,
by referring to the concept of CoIs as described in Section
2.4 and by considering the outcomes of the first two imple-
mentations described above, we have implemented CoIs in
Apollon, in order to raise both the engagement level of the
participants and the systematic pervasiveness of monitoring
the spatial-temporal domain.

In fact inApollon participants are clustered into four classes
of users depending on their numerical amount and on their
anonymity in the platform (Figure 3):

• Anonymous users: untrained volunteers who do not
belong to any specific CoI and do not login to the plat-
form. They simply provide monitoring of data via the
mobile app. However, they are allowed to check over-
all pollution levels thanks to the platform Web portal.

• Profiled users: trained volunteers (who participated
in specific training sessions supervised by domain ex-
perts and byApollon platformmanagers) who can per-
form individual measurements via the Apollonmobile
app and enrich those measurements with comments.

• Anonymous CoIs: trained volunteers enrolled in spe-
cific CoIs who can perform measurement campaigns
but who cannot enrich measurements with any addi-
tional comments.

• Profiled CoIs: trained volunteers enrolled in specific
CoIs. These volunteers can performmeasurement cam-
paigns and enrich them with comments. In addition,
they are engaged in co-designingmonitoring campaigns,
as in the case of schools, which can define specific
monitoring campaigns by accessing a dedicated area.

During the project volunteers who attended the training
sessions were briefed on the theoretical aspects and funda-
mentals of Mobile Crowd Sensing and mobile devices in
general. Then, they were trained through practical sessions
on pollution monitoring, how to perform group-reporting in
experiments and how to analyze and interpret the achieved
results.
4.3. Equipment Provisioning

The provisioning of a toolkit for volunteers improves the
level of engagement in a supervised citizen science activity.
The toolkit must contain everything necessary to perform the
experiment, collect the results, engage the participants and
ensure the reliability of the process.

In Apollon the toolkit is made up of:
• all services offered by the Apollon platform to gather

data coming from volunteers’ devices and depiction
of the pollution maps produced thanks to their effort.
The platform shows aggregated, geo-referenced and

A. Longo et al.: Preprint submitted to Elsevier Page 9 of 16



Apollon: Towards a Citizen Science Methodology for Urban Environmental Monitoring

Figure 3: Clusters of users in Apollon.

time-located measurements and is capable of manag-
ing user profiles as well as CoIs, as described before.
Similarly, it allows for the co-design of monitoring
campaigns as CoI members can log in to the platform
and customize their monitoring campaigns (e.g., by
choosing location and duration).

• the mobile app, which is necessary to perform mea-
surement sessions. As for the experimentation, the
app is also complemented by ad-hoc Bluetooth/Wi-Fi
connection capabilities, to connect the hosting mobile
phone to other external sensors (i.e., portable sensors
for detecting air pollutants) as described below.

• one or two external sensors capable of complement-
ing the native sensors embedded in the mobile phone.
While noise metering can be performed via mobiles,
air pollution control requires participants to be pro-
vided with sensors they can carry with them during
monitoring campaigns as portable devices paired with
their smartphones. These devices enrich data streams
coming from fixed stations (see Section 3).

Along with sensors, iterative calibration is required to
tackle systematic biases in sensor readings. Since the Apol-
lon project involves both acoustic and air pollution monitor-
ing, two different calibration approaches have been adopted,
which require two different types of calibration equipment:

• a class 2sound meter (e.g. Sauter SU 130) at least,
and a procedure to calibrate the mobile phone of each
participant, so that noise measurements can produce
quantitative data and not only approximative indica-
tions,

• a procedure to maximize data quality for air monitor-
ing. Due to the greater complexity of the involved
equipment, calibration procedures for air pollution sen-
sors have been performed before engaging students in
monitoring activities. More specifically, portable sen-
sors and stationary equipment have been calibrated by
referring to institutional monitoring stations (whose
data are available for the specific type of pollutants in
the pilot sites). Metering biases have been identified
so that correction factors have been applied to those
sensors. In addition, portable sensors have been con-
trolled and periodically re-calibrated according to the
procedure detailed above for noise monitoring activi-
ties. Participants who were provided with sensors for
air monitoring have been instructed on how to flag any
issue in their devices and constant support has been
provided to ensure service continuity and data accu-
racy checking.

4.4. Methods to Ensure Data Quality in Apollon
As anticipated in section 4.1, the Apollon platform ex-

ploits a data pre-processing algorithm to validate all datasets
received from users. The algorithm estimates potentially
wrong device positions and setups, so that corresponding
measurements can be discarded or managed properly. We
propose here a short summary of this process (i.e., Algo-
rithm 1) and refer the interested reader to [31] for more de-
tails.

According toAlgorithm 1, noisemeasurements (m, [dB])
are enriched by a set of contextual data: luminosity (l, [lux]),
proximity (p, [cm]), and detected activity (da, as evaluated
by built-in Android APIs on the basis of readings from the
smartphone accelerometer and gyroscope). The reliability
of noise measurements (namely, R(m)) is inferred from con-
textual parameters, when needed. Let us consider some ex-
amples. If noise readings exceed sensormetering boundaries
(i.e., less than 20dB or more than 120dB), they can be con-
sidered as unreliable. If, conversely, a plausible noise meter-
ing is collected (e.g., between 50dB and 90 dB), the presence
of any obstacle very close to the smartphone (indicated by
low proximity values, i.e., less than 5cm) suggests low reli-
ability, as the smartphone microphone could be obstructed.
When the proximity sensor does not detect any obstacle (i.e.,
p ≥ 5cm), low reliable noise measurements can be spotted
as well. If luminosity is low (i.e., l ≤ 50lux) but the times-
tamp indicates daytime and the device location (in terms of
latitude and longitude) is not compatible with the timestamp
(i.e., s⊥t), the algorithm marks the corresponding measure-
ment as low reliable.

In addition, starting from Algorithm 1, a transductive
machine learning approach has been adopted to leverage con-
textual awareness: the algorithm assesses data trustworthi-
ness by training a classifier that infers unknown sensor read-
ings on the basis of reliable measurements [60]. A similar
approach has been implemented tomaximize data quality for
the air monitoring component of the project.

When dealing with wireless sensor networks and mo-
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Algorithm 1 Reliability assessment of noise measurements
Given m = noise level [dB]

at time t [s], location s [lat;long]
Given l = luminosity [lux]
Given p = proximity [cm]
Given da = detected activity
Given R(m) = measurement reliability

Require: m > 0
for all m = 1, 2,… ,M do

if m ≤ 20dB ∨ m ≥ 120dB then
R(m) ← unreliable

else if 20dB < m ≤ 50dB then
if p < 5cm then

R(m) ← poorly reliable
else

if l < 100lux ∧ t = daytime ∧ s⊥t then
R(m) ← unreliable

else if 100lux ≤ l < 200lux then
if da ≠ STILL then

R(m) ← poorly reliable
else

R(m) ← reliable
end if

else
R(m) ← reliable

end if
R(m) ← reliable

end if
else if 50dB < m ≤ 90dB then

if p < 5cm then
R(m) ← poorly reliable

else
if l < 50lux ∧ t = daytime ∧ s⊥t then

R(m) ← poorly reliable
else if 50lux < l < 100lux then

if da ≠ STILL then
R(m) ← poorly reliable

else
R(m) ← reliable

end if
else

R(m) ← reliable
end if
R(m) ← reliable

end if
else

if p > 5cm ∧ l > 50lux then
R(m) ← reliable

else
R(m) ← poorly reliable

end if
end ifreturn R(m)

end for

bile networks in general, trust mechanisms must be consid-
ered, as sensors are typically deployed in open environments,
where they can be attacked, disrupted or infected with mali-
cious data [34]. Different types of trust can be envisaged.
A direct trust is achievable by considering device-related
features (e.g., sensor readings, time availability, energy con-
sumption patterns, etc.), while an indirect trust is provided
by trusted data coming from other (e.g., neighbouring) de-
vices, so that the trusted node does not communicate di-
rectly with the data consumer but with intermediate nodes
that have direct communication with it [22]. If direct and in-
direct trust are combined, a hybrid trust or recommendation
trust [21] is obtained, which requires that trusted nodes pro-
vide recommendations about the nodes under observation.

In MCS, trust factors have been investigated mostly for
the recruitment of trustable participants, especiallywhen they
provide subjective opinions in addition to raw sensor data
[64] but trust factors are also inherently related to the sensing
model adopted in a specific MCS scenario [54], since MCS
can exploit direct sensing (i.e., data are exchanged directly
amongst devices that are physically close) as well as indirect
sensing (i.e., data are exchanged via a dedicated, centralized
MCS platform) [8].

Due to this usage scenario, we used the direct trust, based
on the knowledge of the trustee’s context thanks to contex-
tual information coming from the device (e.g., additional
sensor readings, GPS location, timestamping, etc.). As for
the indirect trust factor, we performedmanual checks on spe-
cific data providers on the basis of readings coming from
other data providers that were close in time and space. A full
indirect trust factor management based on reputation and ex-
perience concepts (as explained in [54]) is under evaluation
and it is expected to be implemented in the near future.

Moreover in Apollon we implemented a second algo-
rithm (not reported here for sake of simplicity) to reduce
the number of outliers and improve the overall data qual-
ity. The algorithm is based on a near real-time control pro-
cedure: during measurement campaigns, student groups are
assigned in advance with specific time and location slots to
be covered, thus enabling sample verification of data streams
from their monitoring devices. A dedicated project tutor was
in charge of checking whether incoming data had a correct
geographical reference and whether adjacent (in place and in
time) devices were providing homogeneous measurements.

With regard to the improvement of noise measurement
data, it is worth to noting that, at the moment, no institu-
tional noisemonitoring stations are available across theApu-
lian regional territory (except for some dedicated sensors de-
ployed along regional airport runways, whose datasets are
not accessible), which prevents comparison of users’ col-
lected noise data against official data.

5. Results and Discussion
As of this writing, 12247 measurements have been col-

lected worldwide since 2015, with an overall number of 500
students and teachers trained and involved in citizen science
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Figure 4: Spatial distribution of measurements collected world-
wide.

Figure 5: Spatial distribution of measurements collected on
the national Italian territory.

activities. The overall spatial distribution of these measure-
ments is presented in Figure 4, while Figure 5 details the
spatial distribution across the national Italian territory only.

The first [30] and second run [61, 31] of our citizen sci-
ence approach addressed the challenges of participant re-
cruiting and training and of equipment calibration.

In this third implementation we have focused on scal-
ing up the approach in terms of number of participants, and
the amount and quality of collected measurements samples.
The pilot projects have been run in the cities of Lecce (about
95.000 inhabitants), Brindisi (about 88.000 inhabitants) and
Campi Salentina (nearly 10.000 inhabitants) which present
very different urban pollution conditions: Lecce is mostly a
tourism-based city, and pollution there is mainly due to road
traffic and nightlife, Brindisi is an industrial city with a port,
airport and the main provincial road that crosses its residen-
tial zones. Campi Salentina is a small artisan town, which

was includedin the project to evaluate its scaling potential
and the reactions of citizens to this kind of activities. The
experimental phase started in January 2019 and lasted until
March 2020. During the first six months, nearly 30 high-
school students and about 25 high-school teachers have been
involved. Students tested the supervised acousticmonitoring
scenario only, and co-designed the training resources, which
have been then used to train other students and pivotal users
from associations and interest groups in the cities. Similarly,
teachers were introduced to the use of mobile apps for acous-
tics and to the use of IoT devices for air pollution monitor-
ing as tools for scientific experiments. Moreover, they were
trained on citizen science and challenged to co-design lab-
oratory experiments using the Apollon platform. These ex-
periments have conducted with their students starting from
September 2019. If we estimate that each class has 25 stu-
dents on average, about 650 high-school students have been
indirectly involved in the project, coached by their teachers.
Noise measurements were collected via the Apollon project
back-end and visualized on dashboards showcased by the
project Web portal. Figure 6 depicts the dashboard for a
city manager, once he/she has logged in. The city map is
shown in the central area of the dashboard. Several informa-
tional layers are superimposed on the map including POIs
(i.e., schools, hospitals and sport facilities, all represented
as green squares), territorial zoning with respect to Italian
acoustic classes (represented as polygons, according to the
orange color scale in the top left corner of themap), andmea-
surement points (represented as hexagons, according to the
measurement color scale at the top left corner of the map).
Filtering options are available at the top right corner of the
dashboard and details about the selected city area (i.e., poly-
gons) are enlisted at the right side of the dashboard. The
overall measurement summary and regulatory thresholds are
reported for the selected city area, along with two charts of
measurement time series. The first one shows collected data
in a three-month window, while the second one presents the
current day’s measurements with an hourly granularity.
5.1. Volunteer Training and Engagement

As discussed in section 4, in Apollon we introduced CoIs
for raising both the engagement level of the participants and
the pervasiveness ofmonitoring the spatial-temporal domain.

During the second experimental phase, which started in
June 2019, 30 more high school students were trained on
the Apollon framework for monitoring both air quality and
noise in Lecce. Students took a 12 hours class on theoretical
aspects ofMobile Crowd Sensing andmobile devices in gen-
eral. They were then trained in a 20-hour practical session
to develop the necessary skills for pollution measurement.
In more detail, during dedicated hands-on sessions, students
learned the internal structure of a smartphone and its sens-
ing equipment, as well as its functionalities and how to use
such devices in order to measure physical quantities prof-
itably. Then, students attended short frontal and interactive
lessons dealing with foundations of acoustics, foundations
of metrology and measurement techniques. Some sample
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Figure 6: Apollon dashboard.

measurement scenarios were provided, in order to prompt
them to co-design their activities. During the co-design pro-
cess, they devised measurement settings in accordance with
the Apollon platformmanagers and domain experts. Finally,
students were trained on how to perform group-reporting on
the participated experiments and how to analyze and inter-
pret the achieved results. During the second session only
two students dropped out, while teachers asked to be further
involved in these kind of activities, using the Apollon plat-
form for performing more experimental sessions with their
students.

As for city administrations, their involvement started in
June 2019, by means of their Environmental Departments.
They provided part of the requirements and co-designed the
dashboards. Moreover, they recruited their respective users
and stakeholders to participate in the monitoring activities.
For the pilot phasewith theMunicipal Administrations, start-
ing in January 2020, two more associations in Lecce, the
local police department and eight more schools in Brindisi,
three coffee shops in Campi Salentina were involved in mon-
itoring sessions. The monitoring campaigns in cities were
managed in order to cover as much as possible of the whole
cities’ areas for noise pollution and to complement the loca-
tion of official stations for air monitoring effectively.

The application of the guidelines for volunteers recruit-
ment and training allowed us to reach satisfactory data qual-
ity levels. Indeed, once properly trained, students were able
to measure physical quantities correctly, thus avoiding an ex-
cessive number of outliers.

5.2. Data Quality
As described in the method adopted during noise moni-

toring trials (which involved smartphone microphones only)
we asked all participants to calibrate their mobile phones.
The results showed a considerable variation of the measure-
ment bias, mainly depending on: device type, presence/absence
of smartphone cover; type of smartphone cover and the pres-
ence of dust on the microphone. In Table 2 a subset of mea-
surements from sample smartphones is compared against the
measurements provided by the Sauter SU 130 class 2 sound
meter. The calibrationwas performed indoor, in a quiet room,
by using a dedicated educational mobile app as a sound gen-
erator (more specifically, a sinusoidal wave at 493.88Hz, B
note, was used) over a time span of five minutes. From the
results it emerged that some devices exhibited a significant
bias between their measurements and the ones provided by
the sound level meter. Therefore, a second set of calibra-
tion measurements has been performed outdoors. The re-
sults, shown in Table 3, confirm that a specific subset of
devices underestimates the Leq values, thus, a proper cor-
rection factor can be used when considering measurements
flowing from those devices.

More specifically, the lower bound (i.e., the smallest bias,
nearly ±1.5dB) of the biasing window was achieved with
new smartphone models, recently bought by their owners,
without any cover and with clean microphone openings. The
upper bound (i.e., the highest bias, between –10dB and -
12dB)was experiencedwith older smartphonemodels, equipped
with leather flipbook covers and showing visible traces of
dust obstructing their microphones. It is worth mentioning
that even a new smartphone model has showed a –16dB bias
compared to the sound level meter. The device was a rugged
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Table 2
Excerpts from indoor calibration sessions. Setting: indoors,
quiet room, a-priori known sound source (493.88Hz, sinusoidal
waveform). The sound level meter sensed 66.7[dB] in this
scenario.

Smartphone
brand/model

Leq(DUC) * [dB] RCF† [dB]

Samsung Galaxy A50 68.1 -1.4
Huawei Mate 20 Lite 55.9 +10.8
Samsung Galaxy J3 63.8 +2.9
Huawei P20 Lite 55.1 +11.6
Samsung Galaxy J5 64.0 +2.7
Caterpillar CAT S31 50.4 +16.3
* Leq(DUC): Continuous equivalent sound level of the Device
Under Calibration (DUC).

† RCF: Required Correction Factor. This represents the ad-
ditive term to be applied to the measurement provided by
the DUC to match the difference with the measurement
provided by the sound level meter used as reference device
(Sauter SU 130).

Table 3
Excerpts from outdoor calibration sessions. Setting: outdoors,
various urban roads with heavy traffic.

Scenario RCF† device 1*
[dB]

RCF† device 2*
[dB]

Road 1 +12.9 +2.8
Road 2 +10.6 +2.9
Road 3 +11.4 +2.3
* Device 1: Huawei P20 Lite.
** Device 2: Samsung Galaxy J3.
† For the RCF calculation, see footnote † for Table 2.

smartphone for construction workers, shielded against dust
andwater, thus limiting themicrophone quality significantly.

Thanks to the integrated actions of training and tools,
the methods to check the quality of student-contributed data
have rated all the samples of good quality, none discarded.

Qualitative benefits achieved by the Apollon project in-
clude:

• The increased awareness of students involved in the
project, as well as their families, about the direct ef-
fects of daily life activities on air quality and noise pol-
lution. Almost all involved students reported positive
feedback (e.g. with specific measurements performed
while doing sport, cleaning home, sleeping, preparing
foods etc.)

• The clear perception of the limited value of the current
prescription and thresholds enforced by law concern-
ing pollution, which are based on a very small num-
ber of sensors (low spatial resolution) and measures
(low temporal resolution), and are unable to account
for strong pollution differences as measured by partic-
ipants.

• The possibility to integrate the standard monitoring
approach, based on a small number of high-cost, high-

quality facilities managed by Public Administrations,
using the mobile crowd sensing approach, and based
on a large number of inexpensive connected sensors
managed by trained volunteers, so as to achieve a new,
low-cost and highly flexible approach more suitable
for urban environments.

In our experience, sensor calibration was so effective in
performing sensor readings correctly that we strongly sug-
gest any citizen science activity to plan for the availability
of proper calibration equipment as a mandatory asset in its
toolkit. In our opinion, for activities related to the noise
monitoring scenario, a portable class-2 sound level meter is
sufficient. Indeed, it offers reliable measurements at afford-
able costs (no more than 200€). A suitable adoption plan
could suggest that each CoI acquires such a device. In or-
der to improve the quality of measurements external micro-
phones can be added to smartphones [26].

6. Conclusions
The advent of low cost sensors, the pervasiveness of IoT

and mobile devices and the novel architectures for big data
management have fostered the development of novel fron-
tiers for urban pollutionmonitoring, involving people inMCS
initiatives for education and creating informed opinions about
urban pollution and sustainability. In this paper, the Apollon
project and the applied citizen science approach for urban
environmental monitoring are presented. According to the
application scenarios in [58] the aim of Apollon can be clas-
sified at Tier I. This is the reason why we initially targeted
schools. In Apollon data trust processes for improving data
certainty and organized monitoring campaigns for widen-
ing the area coverage have promoted the application area to
Tiers II, III and IV in [58] according to the users devices
and objectives. Overall, the mobile crowdsensing approach
is gaining momentum and several schools, as well as several
municipalities, in addition to those involved in our projects,
have asked to receive our training and to participate in envi-
ronmental monitoring campaigns. The same positive feed-
back and requests have been received by CoIs, involved in
environmental sustainability and social support initiatives.
Moreover in our University program addressing sustainabil-
ity and links with the territory, the whole student population
(about 17k students) will be offered the chance to participate
in our campaigns, which promises to act as a real boost for
data gathering activities. The experiment can easily scale
up because of the presence of a cloud system designed ac-
cordingly. This favorable scenario allows us to further tailor
the system and the process at a larger scale, thanks to the
adoption of guided methodology based on citizen science
principles. The results achieved so far demonstrate that a
supervised citizen science experience involving trained vol-
unteers, schools and public administrations, organized into
Communities of Interest, is able to increase the quality of
data coming from citizens, increase public awareness on en-
vironmental pollution and induce positive changes in partic-
ipants’ mindsets and behaviors, as well as facilitate deeper
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analysis performed by the official environmental agencies in
case of uncertain situations.
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