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Abstract 

A paradigm shift is occurring in the assessment of exposure to urban environmental 
stressors. Improved accuracy of personal monitors has enabled researchers to study 
exposure at the individual level. Monitoring stations are the primary reference point for air 
quality in urban environments, although there is a need to assess exposure in greater spatial 
and temporal detail. In this work, an evaluation of personal monitors is conducted in the 
context of assessing individual exposure to urban stressors, validating results, and using 
advanced exposure assessment methods. An initial overview of the field analysed a broader 
range of urban stressors and the use of personal monitors for exposure assessment. Poor 
air quality, particularly elevated particulate matter (PM) levels, were identified as of 
particular concern and were most commonly assessed using personal monitors. However, 
gaps were identified in data collection, dissemination of results, communication, assessment 
of exposure in different areas, participant involvement, etc. This work addresses several of 
these gaps and evaluates some approaches and tools to gain more information from personal 
monitor-based exposure assessments. 

Within the community of users of personal monitors, a consensus has formed that 
validation is required before the device is deployed. In some cases, validation and 
calibration is also required during and after sampling. The results of this work have shown 
that simple collocation of the personal monitor with a research-grade reference sensor can 
be sufficient. The Personal PM Monitor (PPM) used in the ICARUS H2020 project 
(icarus2020.eu), which recorded PM exposure of 82 participants as part of the sampling 
campaign in Ljubljana, Slovenia, was found to be fit for purpose by collocation with a 
reference sensor. In addition, each participant was provided with an activity and biometric 
monitoring device, and required to complete an activity diary for each hour each day. 
Combining these datasets provided an extraordinary amount of detailed data on exposure, 
activities, movement, routines, and behaviours. On the other hand, the collection of these 
data also had shortcomings. Manual collection of activity data by participants was shown 
to be tedious and error-prone. Therefore, a machine learning approach was used to 
compensate for this shortcoming, and attempts were made to predict or recognize certain 
complex activities using only personal monitors. The results showed higher accuracy when 
a combination of personal monitors was used. 

In this work, two assessments of performance and applicability of personal monitors 
were performed: (i) by comparing indoor and outdoor exposure during a high PM 
concentration event, i.e., an atmospheric thermal inversion, and (ii) using an agent-based 
model (ABM) to assess exposure and compare it with data from ICARUS. Although these 
are two different assessments and approaches, similar conclusions can be drawn. A personal 
monitor provides insight into indoor and outdoor exposure with high spatial and temporal 
granularity. The results show that while outdoor PM concentrations account for most of 
the exposure, indoor activities are a significant contributor. In addition, the ABM yielded 
results comparable to the ICARUS data, indicating that simulations informed by personal 
monitor data can assess exposure in various scenarios. Personal interactions in the model 
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were shown to influence exposure and dose of particulate matter. These results could help 
decision makers develop data-driven and effective policies. 

Dissemination and communication are critical in participatory projects, as indicated by 
the literature review and the ICARUS project. One aspect, a personalized report of 
participant data, was demonstrated in this work. The communication and visualization 
was based on participant feedback and multiple iterations. Data accuracy and validity 
considerations must be directly communicated not only in the report but also in the 
visualizations. An automated approach allowed for the compilation of over 600 individual 
reports. Overall, a well-structured report was shown to guide participants through the data 
and help them gain useful information. 
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Povzetek 

Pri ocenjevanju izpostavljenosti stresorjem v urbanem okolju prihaja do spremembe 
paradigme. Izboljšana natančnost naprav za osebni monitoring raziskovalcem omogoča 
raziskovanje izpostavljenosti na individualni ravni. Merilne postaje še vedno predstavljajo 
glavno referenčno točko za kakovost zraka v urbanih okoljih. Vedno večji pomen pa 
pridobiva ocenjevanje izpostavljenosti z izboljšano prostorsko-časovno resolucijo. 
Doktorsko delo podaja oceno osebnega monitoringa v kontekstu ocenjevanja 
izpostavljenosti posameznika urbanim stresorjem, validacijo rezultatov in uporabo 
naprednih metod za ocenjevanje izpostavljenosti. V začetnem pregledu področja je bil 
analiziran širši spekter urbanih stresorjev in uporaba naprav pri ocenjevanju 
izpostavljenosti. Slaba kakovost zraka, zlasti povišane ravni trdnih delcev (PM), je bila 
opredeljena kot največja skrb in najpogosteje preučevana s tehnologijami osebnega 
monitoringa. Ugotovljene so bile vrzeli pri zbiranju podatkov, diseminaciji rezultatov, 
komunikaciji, ocenjevanju izpostavljenosti v različnih okoljih, vključevanju udeležencev itd. 
To delo obravnava več omenjenih vrzeli ter ocenjuje nekatere pristope in orodja za 
izboljšanje pridobivanja informacij iz ocen izpostavljenosti na podlagi osebnega 
monitoringa. 

V znanstveni skupnosti, ki se ukvarja z uporabo osebnega monitoringa, se je oblikovalo 
soglasje, da je pred uporabo naprave potrebna validacija. V nekaterih primerih sta 
validacija in kalibracija potrebni tudi med in po vzorčenju. Rezultati v tem delu so pokazali, 
da je lahko kolokacija naprave z referenčnim senzorjem raziskovalnega razreda zadostna. 
Osebni monitor PM (PPM), uporabljen v projektu ICARUS H2020 (icarus2020.eu), ki je 
beležil izpostavljenost PM 82 udeležencev v okviru kampanje vzorčenja v Ljubljani, 
Slovenija, je bil ugotovljen kot primeren za namen, tako da je bil kolociran z referenčnim 
senzorjem. Vsakemu udeležencu je bil dodeljen še osebni monitor dejavnosti in biometrični 
monitor, udeleženci pa so morali vsak dan za vsako uro izpolniti dnevnik aktivnosti. 
Združevanje teh naborov podatkov je zagotovilo izjemno količino podrobnih podatkov o 
izpostavljenosti, dejavnostih, gibanju, rutinah in vedenju. Po drugi strani pa je zbiranje 
teh podatkov razkrilo pomanjkljivosti. Ročno zbiranje podatkov o dejavnostih udeležencev 
se je izkazalo za obremenjujoče in s pogostimi napakami. V ta namen je bil uporabljen 
pristop strojnega učenja, ki je kompenziral to pomanjkljivost in poskušal predvideti ali 
prepoznati specifične kompleksne dejavnosti z uporabo naprav za osebni monitoring. 
Rezultati so pokazali večjo natančnost pri uporabi kombinacije naprav. 

V okviru tega dela sta bili izvedeni dve oceni delovanja in uporabnosti osebnih 
monitorjev: (i) primerjava izpostavljenosti v zaprtih prostorih in na prostem v času visokih 
koncentracij PM, tj. atmosferska toplotna inverzija, in (ii) z uporabo agentnega modela 
(ABM) za oceno izpostavljenosti in primerjavo z ICARUS podatki. Osebni monitor 
omogoča vpogled v notranjo in zunanjo izpostavljenost PM z visoko prostorsko-časovno 
resolucijo. Rezultati so pokazali, da medtem ko koncentracije delcev na prostem določajo 
večino izpostavljenosti, dejavnosti v zaprtih prostorih prispevajo precejšen delež. Poleg tega 
je ABM pokazal podobne rezultate kot ICARUS podatki, kar kaže, da lahko simulacije na 
podlagi podatkov osebnih monitorjev ocenjujejo izpostavljenost v različnih scenarijih. 
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Pokazalo se je, da osebne interakcije v modelu vplivajo na izpostavljenost in odmerek PM. 
Ti rezultati bi lahko potencialno pomagali odločevalcem pri oblikovanju bolj podatkovno 
usmerjenih in učinkovitih politik. 

Komuniciranje je ključnega pomena pri participativnem projektu, kot je razvidno iz 
pregleda literature in projekta ICARUS. V tem delu je prikazan primer individualnega 
poročila za udeležence. Komunikacija in vizualizacija sta temeljili na povratnih 
informacijah udeležencev in večkratnih popravkih. Rezultati so pokazali, da je točnost 
podatkov treba sporočiti ne samo v poročilu, ampak tudi neposredno v vizualizacijah. 
Avtomatski pristop je omogočil sestavo več kot 600 posameznih poročil. Pravilno 
strukturirano poročilo udeležence vodi skozi podatke in jim pomaga pridobiti koristne 
informacije. 
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Chapter 1 

1 Introduction 

Urban environmental stressors encompass a wide range of environmental conditions and 
factors that impact the physical and mental well-being of individuals residing in urban 
settings. Air pollution, noise and thermal stress are the three most common stressors 
associated with urban environments (European Environment Agency 2023a), as visualized 
with some of their sources in Figure 1. Additionally, degradation of the urban landscape 
(Hintz et al. 2018; Park and Evans 2016; Wetzstein 2017), inadequate access to green and 
blue spaces (Chen and Chang 2015), traffic congestion (Liang and Gong 2020), poor 
transport and access options, overcrowding (Park and Evans 2016), waste and unpleasant 
odours (Sucker, Both, and Winneke 2001), and others, can be considered as urban stressors. 
Air pollution, and more specifically inhalable particulate matter, stands out as a stressor 
of high concern due to its high negative impact on health and wellbeing, and prevalence in 
urban environments (Southerland et al. 2022). The European Environmental Agency 
(EEA) estimated that in 2020 around 90% of city dwellers in Europe were exposed to 
harmful levels of air pollution, with more than 285,000 premature deaths attributed to 
exposure to poor air quality (European Environment Agency 2022). 

 

Figure 1: Some sources of the three main urban environmental stressors, i.e., air pollution, 
noise, and thermal/heat stress. 



2 Chapter 1. Introduction  

Air pollution in cities is traditionally measured by government-run stations, which are 
often sparse and associated with high costs. Data is collected and curated by agencies or 
departments that operate these stations and communicated to the public with delay, after 
validation. The accessibility of the data is dependent on the specific policy of the 
responsible governmental entity. Personal monitors, encompassing a variety of personal 
monitors and low-cost sensors, present a novel set of tools for assessing exposure to air 
pollutant and other urban stressors (Fanti et al. 2021). These technologies have often been 
associated with poor performance, frequent data gaps, inadequate QA/QC, data drifting, 
unreliability, and other issues regarding their use and the quality of the data they provide. 
However, recent developments show an improved performance and a narrative shift, as the 
devices become more reliable and accurate (Giordano et al. 2021; Morawska et al. 2018). 
Importantly, personal monitors enable greater participation of non-expert individuals in 
the research, e.g., exposure assessments. This work addressed various real-world 
applications of personal monitors in participatory-based exposure assessments. 
Applications of personal monitors for evaluating exposure to urban stressors are discussed 
in Section 3.1. Furthermore, Section 3.2 explores the validity and comparability of specific 
personal monitors, as a proof-of-concept, and uses this data in estimating the dose of 
particulate matter in two individuals. 

Exposure assessments often rely on participants providing information on their 
activities during the sampling campaign. Manually recording activities for large groups is 
associated with poor precision and reliability, requiring more resources, and issues with 
recall bias, further elaborated in Section 3.3. This section discusses the use of machine 
learning as a tool to improve human activity recognition, in turn reducing or completely 
eliminating participant input in collecting activity data, and reducing errors in exposure 
studies. 

Outdoor air quality, particularly in urban environments, has improved in recent 
decades, due to more rigorous standards and regulations (Zhang et al. 2022). Indoor air 
quality, on the other hand, in both private and public spaces, is less regulated, with 
standards being more difficult to enforce (Y. Xie et al. 2022). Individuals in industrialized 
nations spend 80-90% of their time in indoor environments (Klepeis et al. 2001; Schweizer 
et al. 2007). Information on indoor air quality is sparse, with individuals rarely having 
information about their personal exposure to air pollutants. Portability and low cost of 
personal monitors expand the scope of domains and microlocations where exposure can be 
assessed, including indoor environments. An extended assessment of exposure to PM2.5 in 
different microenvironments and during various activities is explored in Section 3.5. 
Additionally, this section discusses the use of a stochastic model, i.e., an agent-based model, 
for exposure assessment. Using personal monitors in the context of assessing exposure 
indoors and outdoors during high-exposure events, e.g., atmospheric thermal inversion, is 
discussed in Section 3.4.  

Personal monitors, in general, provide data with high temporal granularity, i.e., minute-
resolution, creating new challenges in terms of collecting, harmonizing and analysing large 
amounts of data. These issues, in combination with visualizing and reporting data to 
participants, are discussed in detail in Section 3.6. 

The following sections consist of an explanation on the broader context of air pollution, 
a general outline of the main environmental stressor, i.e., particulate matter, analysed in 
this work, defining the terms associated with exposure and dose, an analysis of personal 
monitors, and an in-depth overview of the personal monitors used in this work. Moreover, 
the context of participatory approaches and Citizen Science is discussed, and a detailed 
description of the ICARUS project, as the main source of data, is provided. 
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1.1 Air quality and air pollution 
Air quality is an environmental factor that can impact human health and well-being. 

It refers to the concentration and nature of various natural and man-made components 
suspended in the atmosphere, e.g., gases, particulate matter, and air toxics. Generally, 
when air quality is discussed, it is put in context of air pollution. The EC directive on 
ambient air quality and cleaner air for Europe does not specifically establish what air 
quality is, rather puts it in context with reducing air pollution to “levels which minimize 
harmful effects on human health, paying particular attention to sensitive populations, and 
the environment as a whole, to improve the monitoring and assessment of air quality 
including the deposition of pollutants and to provide information to the public” (European 
Commission 2008). 

Principal air pollutants that influence air quality in outdoor environments are: 
 Particulate Matter (PM): Particulate matter consists of various sizes of solid 

particles or liquid droplets suspended in the air. Sources of particulate matter 
include industrial emissions, vehicle exhaust, construction activities, and natural 
sources like dust and pollen. PM is discussed in depth in section 1.2. 

 Gases: Air quality is influenced by various gases present in the atmosphere. 
These include nitrogen dioxide (NO2), sulphur dioxide (SO2), carbon monoxide 
(CO), ozone (O3), and volatile organic compounds (VOCs). These gases 
originate from a wide range of sources, including combustion processes in 
vehicles and industrial facilities, natural emissions such as volcanic activity, and 
chemical reactions occurring in the atmosphere. Ozone (O3), nitrogen dioxide 
(NO2), and sulphur dioxide (SO2) have been linked to adverse health effects 
such as bronchial reactivity, inflammation, thrombotic responses, 
gastrointestinal disorders, blood vessel inflammation, and increased mortality, 
hospital admissions, and respiratory symptoms due to day-to-day variations in 
NO2 concentration (Morakinyo, Mukhola, and Mokgobu 2020; Xu et al. 2022). 

 Air Toxics: Hazardous air pollutants, commonly referred to as air toxics, are a 
subset of air pollutants that have known or suspected health effects even at low 
concentrations. These pollutants are typically distinguished by their toxicity 
and the fact that they can pose significant health risks even at very low 
concentrations. While some VOCs can be considered air toxins, the term "air 
toxins" is often used to refer to a specific list of pollutants regulated by 
environmental agencies due to their recognized harmful effects. Common 
examples of air toxins include: 

o Benzene, Formaldehyde, and Acetaldehyde, all VOCs and air toxics, 
classified as carcinogens or potential carcinogens. 

o Heavy metal air toxics, such as lead and mercury, pose health risks, 
including developmental delays, learning disabilities, behavioural 
problems, and nervous system damage, with exposure occurring through 
ingestion of lead-contaminated dust or soil and inhalation of lead 
particles, as well as the potential for mercury accumulation in aquatic 
ecosystems, leading to contamination of fish and seafood, which can 
serve as a source of human exposure. 

o Polycyclic Aromatic Hydrocarbons (PAHs) are a group of air toxics 
formed from the incomplete combustion of organic materials. They are 
often associated with combustion processes like those in vehicle exhaust 
and industrial emissions. 
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o Other examples include dioxin, asbestos, toluene, and metals such as 
cadmium, chromium, and others. 

Generally, more emphasis is put on assessing air quality outdoors in research and 
policymaking. While there is an increasing focus on indoor environments, there is still a 
need for further research. As individuals spend a significant portion of their time indoors 
it is necessary to assess air pollution indoors. Indoor air quality is influenced by specific 
pollutants, which can be traced back to various sources, as evident in Figure 2. 

 

Figure 2: Infographic presenting a variety of indoor air pollution sources. 

PM sources are separated into primary and secondary PM. Primary PM often originate 
from cooking, biomass heating, tobacco smoking, washing, cleaning, and other indoor 
activities, while secondary PM infiltrate from the outdoor environment or are generated 
due to chemical reactions between indoor and outdoor sources (Zhang et al. 2021). VOCs 
find their way indoors through sources like building materials, household products, and 
even outdoor air infiltration. The emission of VOCs from these sources depends on various 
factors. For example, elevated temperatures lead to increased initial acetaldehyde emissions 
and expedite the decline in subsequent emissions, while higher humidity levels are 
associated with greater emission factors (Jin et al. 2023; Suzuki et al. 2014). Indoor CO 
primarily originates from combustion sources such as cooking and heating appliances, while 
in developed countries, the main source of exposure is faulty, improperly installed, or poorly 
maintained fossil fuel-burning appliances, as well as outdoor air infiltration (Penney et al. 
2010). NO2, influenced by both indoor sources like poorly maintained fuel-burning 
appliances and outdoor factors, plays a significant role in indoor air quality, with potential 
for elevated occupational exposures in specific settings, such as accidents involving diesel- 
or propane-fuelled ice resurfacing machines and underground parking garages (Jarvis et al. 
2010). Indoor environments are diverse and frequently changing, which makes the 
composition and nature of indoor air pollutants complex and challenging to measure and 
assess. 



1.2. Airborne Particulate Matter 5 

1.2 Airborne Particulate Matter 
Airborne particulate matter (PM) is the main urban environmental stressor considered in 
this work. Estimates suggest that 96% of the urban population in the European Union is 
exposed to levels of fine particulate matter above the World Health Organization (WHO) 
guidelines (European Environment Agency 2023b). PM is regarded as a pollutant of high 
concern for two reasons: 1) being the pollutant with the largest impact on public health, 
and 2) ranking high among avoidable causes of non-communicable diseases (Harrison 2020). 
Particulate matter (PM) represents a broad group of airborne organic and inorganic 
particulates. Inhalable PM represents particles with a diameter <10 µm, and fine PM 
particles with a diameter of <2.5 µm, capable of reaching the alveoli in the lungs and 
penetrate into the blood circulation (Jakovljević et al. 2018). Exposure to elevated 
concentrations of PM is associated with an increased adverse effect on cardiovascular and 
respiratory diseases, and increased morbidity and mortality (Anderson, Thundiyil, and 
Stolbach 2012). Composition of the particles, and their impact on health, can vary based 
on their origin as summarized in Kim et al. (2015): 

- PM2.5 (fine particles), composed of sulphate, nitrate, ammonium, hydrogen ion, 
elemental carbon, organic compounds, PAH, metals, particle-bound water, and 
biogenic organics (Cheung et al. 2011), is emitted by combustion of fossil fuels, 
transformation of NOx, SO2, and organics, high temperature processes 
(Srimuruganandam and Shiva Nagendra 2012), and biological contaminants 
(Vardoulakis et al. 2020). They can remain suspended for days or weeks 
(Cheung et al. 2011) and travel for up to 1000 kilometres (Srimuruganandam 
and Shiva Nagendra 2012). 

- PM10 (coarse particles) are composed of resuspended soil and street dust, fly 
ash, metal oxides, sea salt, pollen, mould spores, and plant parts (Cheung et al. 
2011). Sources include industrial dusts, (re)suspension, construction, fossil fuel 
combustion, and ocean spray (Srimuruganandam and Shiva Nagendra 2012). 
Due to their larger size, they have a lifetime of minutes or hours (Cheung et al. 
2011), and can travel up to 10 kilometres (Srimuruganandam and Shiva 
Nagendra 2012). 

Apart from particles with a diameter of 2.5-10 µm (PM10) and 0.1-2.5 µm (PM2.5), there 
is a group of particles with a diameter of <0.1 µm called ultrafine PM or UFP. These are 
produced via nucleation, condensation, and coagulation from compounds in the gas phase, 
and cause health concerns due to their ability to penetrate the pulmonary alveoli (Moreno-
Ríos, Tejeda-Benítez, and Bustillo-Lecompte 2022). UFP are the least researched among 
the listed PM size groups in terms of their prevalence, sources, composition and toxicity 
(Moreno-Ríos et al. 2022). Due to the aforementioned lack of research and consensus, the 
WHO provides recommended ambient air quality guidelines only for PM10 (15 µg/m3 
annual, 45 µg/m3 24-hour) and PM2.5 (5 µg/m3 annual, 15 µg/m3 24-hour) (World Health 
Organization 2021). However, there are no separate WHO guidelines for PM in indoor 
environments as “there is no convincing evidence of a difference in the hazardous nature 
of particulate matter from indoor sources as compared with those from outdoors” (World 
Health Organization 2010). Recently, there have been more calls for countries to set up 
indoor air quality guidelines and find ways to measure and enforce them (Morawska, 
Marks, and Monty 2022; Winck et al. 2022). Stricter national guidelines for indoor air 
quality have proven successful and have lowered average concentrations of PM2.5 in China 
(Q. Xie et al. 2022). On the other hand, measuring exposure to PM in indoor environments 
is challenging due to multiple factors, e.g., privacy issues, complex microenvironments and 
sources, and infrequent use of devices to measure AQ (Y. Xie et al. 2022). Individual-level 
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measurements using personal monitors offer a novel approach to assessing exposure and 
health risks, as demonstrated in Sections 3.4 and 3.5. 

1.2.1 Exposure and dose 
Exposure, defined as “contact between an agent and a target, where contact takes place at 
an exposure surface over an exposure period”, measures the concentration of inhalable PM 
(agent) in the vicinity of a person (target). The official glossary for exposure sciences, 
developed by the International Society for Exposure Analysis, and expanded upon for the 
context of this work by the International Programme on Chemical Safety (IPCS), defines 
several terms used in this work, related to PM exposure (Inter-Organization Programme 
for the Sound Management of Chemicals and International Program on Chemical Safety 
2004; Zartarian, Bahadori, and McKone 2005): 

- Exposure assessment: The process of estimating or measuring the magnitude, 
frequency and duration of exposure to an agent, along with the number and 
characteristics of the population exposed. Ideally, it describes the sources, 
pathways, routes, and the uncertainties in the assessment.  

- Dose: The amount of agent that enters a target after crossing an exposure 
surface. If the exposure surface is an absorption barrier, the dose is an absorbed 
dose/uptake dose; otherwise, it is an intake dose. In the case of a dose 
assessment of an inhaled agent, the exposure surface is defined as a “theoretical 
surface at the entrance to the mouth and nose during the exposure duration” 
(Inter-Organization Programme for the Sound Management of Chemicals and 
International Program on Chemical Safety 2004). If the estimate is limited only 
to crossing the exposure surface and not crossing and absorption barriers, e.g., 
lung surface, it is an example of an intake dose. 

- Intake: The process by which an agent crosses an outer exposure surface of a 
target without passing an absorption barrier, i.e., through ingestion or 
inhalation. In the case of PM (in this work), the dose assessment only considers 
crossing an outer exposure surface, i.e., a theoretical surface over the nose and 
mouth. As referenced in the IPCS risk assessment terminology handbook (Inter-
Organization Programme for the Sound Management of Chemicals and 
International Program on Chemical Safety 2004), it is necessary to make certain 
assumptions during actual field studies. Among others, that the air in the 
vicinity of a person’s nose/mouth is assumed to be well mixed, and that a 
measured concentration (made in the proximity of the person) is assumed to be 
the exposure at the person’s nose/mouth. 

- Activity pattern data: Information on human activities used in exposure 
assessments. These may include a description of the activity, frequency of 
activity, duration spent performing the activity, and the microenvironment in 
which the activity occurs. In this work, activity pattern data was collected using 
questionnaires and time activity diaries (TADs). 

- Exposure model: A conceptual or mathematical representation of the exposure 
process. 

An exposure assessment does not necessarily take into account the amount of the 
pollutant that enters the human body through respiration. A calculated dose based on an 
inhalation rate can provide more information on the effect of activities, microlocations, 
indoor-outdoor exposure and personal characteristics (Faria et al. 2020; Novak et al. 2020; 
Q. Xie et al. 2022). Although there are differences between individuals, generally, as 
particle size decreases, the deeper it can penetrate into the human respiratory system. 
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Penetration and deposition are also contingent on the shape, density and type of the 
material. Deposition is governed based on four different mechanisms (Darquenne 2020): 

- Interception, with particles physically touching the surface; larger particles, 
fibres. 

- Impaction, particles “hitting” a surface at a bend in the airway system; >10 µm 
diameter, deposited in nose/throat. 

- Sedimentation, depositing due to gravitational forces and air resistance; >0.5 
µm diameter. 

- Diffusion, based on random motions of fine PM, caused by their collisions with 
gas molecules; dominant form of deposition for <0.5 µm diameter. 

Penetration, deposition, and uptake are important considerations in health impact 
assessments of specific PM sizes. This work does not include health impact assessments 
and instead uses the definition of dose or intake dose as stated, “amount of agent that 
enters a target after crossing an exposure surface” (Zartarian et al. 2005), with the agent 
being PM of different size classes, the target a human individual, and the exposure surface 
the surface above the nose/mouth. The volume of air crossing the exposure surface per 
minute is called “minute ventilation”. The estimated dose of PM is a function of the 
concentration of PM and minute ventilation. 

Estimating minute ventilation can be achieved using different proxies, e.g., heart rate, 
breath frequency, power expenditure of Metabolic Equivalent of Task (MET), physical 
activity types, or combination of methods (Dons et al. 2017). Minute ventilation models 
generally have a wide range of percent error, often based on a small number of subjects 
(Greenwald et al. 2019). Models for estimating minute ventilation and their applicability 
in personal monitor-based research are further explored in Section 3.2. Conceptually, PM 
dose and exposure are discussed in Section 3.5. 

1.2.2 Composition and toxicity of airborne particulate matter 
Mass concentrations of PM are not sufficient to provide a comprehensive health 

outcome assessment. Understanding the health effects of PM relies heavily on its chemical 
composition, with a focus on polycyclic aromatic hydrocarbons (PAHs) due to their 
carcinogenicity in many urban and industrial studies; however, recent research highlights 
the role of other chemical components, like polar organics, in causing cytotoxicity, 
genotoxicity, or DNA damage, emphasizing the need for further investigation into the 
chemical specifics of particulate matter (Alves et al. 2023). Ambient PM, with their varied 
sizes, shapes, surface properties, and chemical compositions from multiple sources, can 
result in diverse health effects. Research has shown that even PM with the same mass 
concentrations may have varying impacts on human health, emphasizing the complexity 
of assessing their effects and the need for enhanced understanding of exposure and health 
outcomes before specific source or component control strategies can be deemed more 
effective than targeting PM as a whole (Park et al. 2018). Specifically, research showed 
highest toxicity for diesel exhaust, followed by burning of biomass, gasoline, and coal, while 
acknowledging that even at the same mass concentration, the effects of PM on human 
health are variable (Park et al. 2018). 

While taking into account the composition of particles would benefit health outcome 
assessments, it is difficult to achieve in mobile and diverse settings in indoor and outdoor 
environments. Moreover, assessments made based on samples taken throughout a longer 
period of time do not capture the fine-grained variations in a complex environment. 
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1.3 Personal Monitors 
Personal monitors encompass a wide range of devices, referring to low-cost 
devices/sensors/monitors with one or more of the following characteristics: miniaturized, 
wearable, portable, carriable, personal, or individual (Fanti et al. 2021). As discussed in 
Fanti et al. (2021), the term “low-cost sensor” is not clearly defined and unanimously 
agreed upon in the scientific community. While the name itself provides some information, 
it can be understood differently based on the financial resources of the entity (researcher, 
research group, institute, organisation) discussing the devices. Monitoring devices could be 
grouped based on their cost in three categories: reference-grade, research-grade, and low-
cost. A simplistic look would be to define low-cost devices with a price tag of 1- to 3-figure 
values (in EUR or USD), research-grade with 4- to 5-figure values, and reference-grade 
with ≥5-figure values. These three categories with some basic characteristics are shown in 
Figure 3. This work uses the working definition of “low-cost” as having a considerably 
lower cost than reference-grade, and lower cost than research-grade, and that a single unit 
does not impact the monitoring budget considerably (Ruiter et al. 2020). 

 

Figure 3: Monitoring devices, grouped based on their cost. Basic strong points and 
deficiencies are listed for each group, based on the research described in this work. 

Personal monitors equipped with low-cost sensors have become useful tools for assessing 
exposure to a wide range of pollutants, including particulate matter, and gaseous 
pollutants, e.g., NO2, CO, O3, and VOCs. Personal monitors measuring gaseous pollutants 
typically employ various measuring mechanisms such as electrochemical sensors, metal 
oxide sensors, or semiconductor sensors. Electrochemical sensors, for instance, are 
commonly used for detecting gases like CO and NO2. These sensors function by measuring 
changes in electrical current when gases come into contact with specific electrodes. 
Research has shown that they are generally suitable for typical air analysis but are sensitive 
to humidity extremes, prone to drying out in low humidity or bursting in high humidity, 
and their signal outputs are influenced by various external factors beyond the specific 
compound of interest (Cämmerer et al. 2020). Metal oxide sensors are effective in detecting 
VOCs and work based on changes in the electrical resistance of a metal oxide layer when 
exposed to target gases. Their limitations include high limits of detection as well as poor 
sensitivity and selectivity (Isaac, Pikaar, and Biskos 2022). Semiconductor sensors are 
employed for various gases, including O3 and NO2, and rely on changes in electrical 
conductivity in the presence of specific gases. While these low-cost sensors may have 
limitations in terms of accuracy compared to reference-grade instruments, they offer a 
practical means of monitoring personal exposure to gaseous pollutants in real-time. 
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To enable the use of low-cost devices in broad applications, their performance and 
accuracy have to be evaluated. Different methods have been developed, which can be 
tailored based on the proposed use of a specific device, e.g., static comparison with reference 
instruments, controlled chamber test, and mobility tests (Languille et al. 2020). A common 
approach is to compare the results obtained from the low-cost device with a reference 
instrument. Ideally, the two devices should be in the same location or co-located. Moreover, 
the period for consistent calibration of sensors varies by type, and is influenced by factors 
like environmental settings, cross-sensitivities, reference instruments, and the final analysis 
or modelling (Kang et al. 2022). The most effective calibration periods encompass diverse 
environmental conditions, potentially achieving accurate calibration in as little as one week, 
emphasizing the importance of strategic selection and monitoring to minimize co-location 
time (Levy Zamora et al. 2023). Controlled chamber tests offer the option to set specific 
environmental and meteorological conditions, and known concentrations of pollutants, and 
observe the response from low-cost devices. Evaluation chambers have been developed 
specifically for testing low-cost and miniaturized sensors in controlled environments 
(Omidvarborna, Kumar, and Tiwari 2020; Papapostolou et al. 2017). Low-cost personal 
monitors are often designed to be mobile, being attached to a moving object or 
worn/carried by an individual. The varying conditions in air flow and movement can 
impact the performance of the sensors and the outputs. Testing in mobile conditions offers 
an insight into how the sensors are affected. This process frequently involves comparing 
the results obtained during movement with near-by reference monitoring stations (Chen et 
al. 2022; Hassani et al. 2023) 

Using personal monitors to provide accurate enough, fit-for-purpose PM exposure 
assessments is a recently developed approach. While such devices were available in the 
1990s and 2000s, recently they have seen considerable improvements in their accuracy, 
reliability and a decrease in cost. This has led to a transformation from their use for few 
specialized applications, to a broadly applied tool used to assess PM exposure in a variety 
of environments and applications. A shifting paradigm from measuring air pollution (and 
exposure) solely with governmental reference stations to assessments incorporating low-
cost devices has been recognized by the U.S. EPA and EU EEA in the past decade (Borrego 
et al. 2015; Morawska et al. 2018; Snyder et al. 2013).In general, low-cost PM sensors 
operate by utilizing the light-scattering principle – light intensity of the infrared/red light 
reaching the phototransistor is modulated by the presence of particles in the light path 
(Giordano et al. 2021). The components and design of the device impact the intensity of 
the modulation, influencing the performance of different sensor models. Commercially 
available sensors often employ a laser or LED source and photodiode to estimate particle 
concentrations using algorithms to convert scattered light into particle concentrations 
(Kaur and Kelly 2023). This method, when used in miniaturized low-cost sensors, can lead 
to erroneous data. However, biases and calibration dependencies can be corrected using 
meteorology, sensor age, aerosol source, particle composition, refractive index, and others 
(Giordano et al. 2021). While several possibilities exist to calibrate and validate sensors, 
this is not frequently exercised in projects/research (Chojer et al. 2020). A method of 
validating a low-cost sensor is described in Section 3.2, based on co-locating the device 
with a research-grade monitor. Personal monitors can serve a variety of purposes, taking 
into account the drawbacks of the devices and incorporating validation and calibration 
techniques. 
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1.3.1 Personal monitors in citizen science 
The nature of their low cost and small size makes personal monitors more accessible to be 
used in large participant-based studies, including citizen science (CS). Although the strict 
definition of CS is not uniformly defined, in a broad sense it can encompass different 
approaches of engaging the general public in scientific tasks (Haklay et al. 2021; Vohland 
et al. 2021). It is often interchangeably used with numerous other terms. However, as 
referenced in Robinson (2022), there is a wider consensus forming on the nomenclature 
used in this kind of research. Haklay (2013) proposed a four-tiered system of describing 
research with non-expert volunteers: 1) crowdsourcing, where participants passively collect 
data, 2) distributed intelligence, with participants having some input in interpretation, 3) 
participatory science, with participants contributing to defining problems, and 4) extreme 
CS, where participants are involved in all aspects of research design, implementation, and 
analysis. While the overarching term “Citizen Science” is used to describe a range of 
approaches, specific projects and research should be appropriately labelled based on the 
level of participant involvement. 

When instruments are handled by numerous lay individuals in CS projects, there is a 
high risk of unintentional damage to the device and/or components, user errors, reduced 
functionality, etc. A lower cost, with incorporated redundancies, makes them easily 
replaceable. Moreover, several options exist to construct the devices with a do-it-yourself 
(DIY) approach, enabling repair and upgrades of the device at different stages of the 
research. These aspects make personal monitors uniquely suited for engaging young 
children, i.e., primary school pupils, in CS projects (Kocman et al. 2020), raising their 
awareness of air pollution and encouraging them to adopt positive behaviour changes [45]. 
Connecting pupils at an early stage in their education with monitoring and sensing devices 
for urban stressors can equip them with the necessary tools and knowledge to be more 
involved in CS projects in the future.  

CS, concerning air pollution and exposure to PM, often uses personal monitors with 
integrated low-cost PM sensors. In such cases, user perspectives should be considered. 
Research shows successful data harvesting as an important aspect of user involvement and 
motivation, though it frequently fails when using personal monitors (Robinson et al. 2018). 
A co-creative approach to designing and operating personal monitor-based exposure 
research should incorporate user-experience and user input when designing research 
protocols. Moreover, when personal monitors are applied in community-based CS, the 
community itself should be involved at all stages, limitations and benefits have to be clearly 
communicated, and study challenges addressed promptly (Commodore et al. 2017). The 
integrated assessment of personal monitor applications for evaluating exposure to urban 
stressors in Section 3.1 explores these approaches in depth and provides recommendations. 

1.4 Data Collection and the ICARUS Project 
Assessing PM dose models in Section 3.2, building classification models in 3.3, evaluating 
the importance of indoor and outdoor AQ in exposure assessments in 3.4, comparing real-
world data with agent-based model results in 3.5, and demonstrating the harmonization 
and visualization protocols for large-scale projects in 3.6 was based on a large quantity of 
data. The majority of data used in these sections had been collected in the scope of the 
ICARUS (Integrated Climate forcing and Air pollution Reduction in Urban Systems) 
Horizon 2020 project, active from May 2016 to October 2020. Additional information is 
available on the project website https://icarus2020.eu/, including the following general 
description: “The project applied integrated tools and strategies for urban impact 
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assessment in support of air quality and climate change governance in EU Member States 
leading to the design and implementation of appropriate abatement strategies to improve 
the air quality and reduce the carbon footprint in European cities” (ICARUS2020 2020). 
In the scope of the project, participants collected data, gave feedback on their experience, 
took part in a focus group, and collaborated in designing the result reports for participants. 
According to Robinson (2022), and based on Haklay’s hierarchy, the listed activities place 
ICARUS on Level 3 – Participatory science. One phase of the project included two seasonal 
data collection campaigns that took place in 7 European cities (Athens, Basel, Brno, 
Ljubljana, Madrid, Milan, Thessaloniki) (Kocman et al. 2022; Sarigiannis and Karakitsios 
2018). Ethical approval for the ICARUS project in Slovenia was obtained from the National 
Medical Ethics Committee of the Republic of Slovenia (approval No. 0120-388/2018/6 on 
22 August 2018) and informed consent was obtained from all subjects involved in the study. 
As referenced in Kocman et al. (2022), where a detailed description of the methodology is 
available, the ICARUS campaigns had three specific objectives: 

i) collect data on external environmental exposure and exposure determinants by 
combining location, activity and air pollution data in different micro-
environments,  

ii) demonstrate feasibility of using new sensor and mobile technologies in collecting 
exposure data, and  

iii) analyse and compare exposure data in several different European cities. 
Each campaign had up to 100 participants collecting data with low-cost wearable and 

stationary devices. Sensors selected for the ICARUS campaign had to fulfil several criteria: 
1) AQ sensors had to collect ancillary data, e.g., temperature, humidity, location, 2) the 
devices had to be portable and reliable, 3) performance of the device had to be previously 
independently evaluated and reported, 4) the device had to be low-cost, according to the 
project budget, 5) high-resolution data collection, and reliable storing and transmission 
was required, 6) it had to be unobtrusive to the wearer and robust, and 7) user-friendly for 
non-scientifically trained individuals (Kocman et al. 2022). 

Additionally, each individual (and household) filled out an extensive questionnaire 
about their lifestyle and living environment, and reported data on their daily activities by 
filling out one Time Activity Diary (TAD) per day. Personal demographics, living habits, 
health and socio-economic information were collected in the scope of the questionnaire for 
individuals. The household questionnaire concerned the dwelling type and other 
specifications, e.g., ventilation, heating. Information on the immediate surroundings of their 
household and the local area were also collected, e.g., traffic, noise, possible sources of 
pollution. The TAD allowed inputs with hourly resolution for four categories: 

- microlocations: indoors home, office or other, and outdoors home, office or other; 
- in transit: bus, car, motorbike, bicycle, foot, other; 
- activities: indoor resting, sleep, playing, sports, cooking, smoking, cleaning, and 

outdoor running and sports; 
- house conditions: burning candle, lit fireplace, open windows or turned-on 

AC/fan. 

1.4.1 The Ljubljana ICARUS campaign 
Sections 3.2, 3.3, 3.4, 3.5, and 3.6 are based on data collected in the city of Ljubljana, 
Slovenia, in the scope of the ICARUS sampling campaigns. Sampling in Ljubljana took 
place between February 2019 and May 2019. The first campaign, labelled as 
winter/heating, was held in February and March, while the second campaign, labelled as 
summer/non-heating, took place in May and June. Two distinct periods were selected to 
capture seasonal variation.  



12 Chapter 1. Introduction  

The city of Ljubljana, situated in a subalpine basin, is affected by a combination of 
local and remote influences. Complex surrounding topography and the associated drag, 
extended periods of anticyclonic conditions, and a unique concave shape, result in calm 
meteorological conditions during colder months with persistent temperature inversions, 
resulting in a build-up of locally sourced emissions (Kikaj, Vaupotič, and Chambers 2019). 
This phenomenon is further described in Section 3.4. A distinct winter/non-heating 
campaign in Ljubljana was necessary to assess exposure/dose under the aforementioned 
conditions. There were 82 participants involved in the Ljubljana campaign, with 75 
participants (49 households) in the winter/heating campaign, and 78 (46 households) in 
the summer/non-heating campaign. A heatmap of the geographic distribution of all the 
participants in the Ljubljana ICARUS campaigns is shown in Figure 4. The discrepancy in 
the number of participants and households is due to (1) some participants from the first 
campaign opting out of the second campaign, and (2) family members of the participants 
already involved in the winter campaign joining the summer sampling campaign. Kocman 
et al. (2022) list several reasons stated by participants for leaving the campaign: limited 
number of devices, lack of time, and unsatisfactory user experience. Additional information 
on the campaign in Ljubljana can be found in Robinson (2022). 

 

Figure 4: Heatmap of the geographical distribution of households of participants in the 
ICARUS campaign in the Municipality of Ljubljana (black line).  

1.4.2 Personal monitors used 
Three low-cost devices were selected based on the ICARUS criteria. Two wearable personal 
monitors were used, a wrist-worn Garmin Vivosmart 3 Smart Activity Tracker (SAT), and 
a project-built portable Arduino-based low-cost personal monitor (built by IoTech 
Telecommunications, Thessaloniki, Greece), labelled as the PPM (Personal PM monitor). 
One stationary device was set up in each household, the uHoo Indoor Air Quality 
monitoring station (IAQ). An overview of the functionality and build of the devices used 
is available in Table 1. 
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Table 1: Details on the functionality and build of the ICARUS WP4 personal monitors. 

Device SAT PPM IAQ 
Mobility Wrist-worn/Wearable Portable Stationary 
Placement Personal/individual Personal/individual Household 
Temporal 
resolution 

1 minute (at full minute) 1 minute 
(approximately 
every 60 seconds) 

1 minute (at full 
minute) 

Provided 
data 

Heart rate, MET, sleep level, 
activity type, intensity, 
steps, distance, kcal, stress 

PM1, PM2.5, PM10, 
temperature, 
relative humidity, 
location 
coordinates, speed, 
altitude 

CO, CO2, VOCs, 
PM2.5, O3, NO2, 
temperature, 
relative humidity, 
air pressure 

Data 
storage 

Internal storage for 14 days 
on device; Garmin cloud 
storage 

Internal SD card, 
IoTech cloud 
storage 

uHoo cloud storage 

Access to 
data 

Via ICARUS portal Via IoTech cloud 
and ICARUS portal 

Via uHoo cloud 

Connection 
protocol 

Bluetooth GSM Wi-Fi 

Water/dust 
resistant 

Fully waterproof Non-resistant Non-resistant 

Battery Up to 5 days on one charge Up to 8 hours on 
one charge 

No 
battery/plugged in 
electricity at all 
times 

Charging 2 hours 6-7 hours / 

1.4.2.1 The Smart Activity Tracker 

The Garmin Smart Activity Tracker (SAT) was used for collecting biometric data, e.g., 
heart rate, movement. Per the specifications of the Garmin Vivosmart 3, the device is 
equipped with four sensors: a “Garmin Elevate” wrist heart rate monitor, barometric 
altimeter, accelerometer, and ambient light sensor. 

Two main datapoints collected by the SAT have been used extensively in this work – 
heart rate, and movement (steps, MET). The SAT measures heart rate by using the 
photoplethysmography (PPG) optical measurement method, which uses a light source and 
a photodetector at the surface of the skin to measure volumetric variations of blood 
circulation (Castaneda et al. 2018). Typically, an infrared light emitting diode or a green 
LED are used as the light source, the SAT using the latter. A green LED penetrates deeper 
into the tissue and can provide more accurate measurements. While the wrist is not the 
only location on the human body where a PPG sensor can be placed, it has become the 
most common, due to it being inexpensive, highly portable, and convenient to wear 
(Castaneda et al. 2018). While the use of PPG-based sensors has been extensively analysed 
and validated, they frequently show contrasting results, often resulting from 
methodological shortcomings of the applied validation techniques (Sartor et al. 2018). Some 
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suggested improvements for accuracy include accounting for skin tone, obesity, age, gender, 
physiology, and external factors (Fine et al. 2021), positioning the sensor on the ulnar and 
radial arteries (Lee et al. 2011) or on the forearm (Shimazaki et al. 2018), and integrating 
inertial sensors (Hnoohom, Mekruksavanich, and Jitpattanakul 2023; Thomas et al. 2016). 
Motion artifacts are disturbances in signal acquisition based on movements of the 
individual wearing the PPG-based device. They can be considered as micro-motions 
(tapping with finger) or macro-motions (walking), both causing significant fluctuations to 
the signal (Fine et al. 2021). Tightness of the strap influences the accuracy of the collected 
signal from the PPG, and accounting for the contact force is necessary to reduce errors 
(Sim, Ahn, and Doh 2018). 

The heart rate sensor is located at the back of the Garmin Vivosmart 3 SAT, facing 
the wearers skin. Garmin’s proprietary software uses data on heart rate (and heart rate 
variability) to estimate the intensity of physical activity, stress tracking, collecting sleep 
tracking metrics, respiration rate, calories burned, and other insights. While the heart rate 
data is collected in per-second intervals, the reported data in the ICARUS campaign is the 
average heart rate per minute (Lee et al. 2013). 

Movement in wrist-worn devices is most commonly detected using a multi-axes 
accelerometer. Micromachined microelectromechanical systems accelerometers have 
become ubiquitous in smart activity trackers, sensing the gravitational force on multiple 
axes. Results from numerous validation experiments have shown that consumer-grade 
wrist-worn devices with accelerometers produce fairly accurate data, under certain 
circumstances (Lin et al. 2018). Crucially, slow walking speed can produce less reliable 
data, more prevalent among older adults (Svarre et al. 2020; Tedesco et al. 2019a). Clinical 
application of these devices should be more thoroughly assessed based on the aims of the 
specific study (Lai et al. 2020; Tedesco et al. 2019b). In non-clinical applications, such as 
the ICARUS sampling campaign, this issue can be considered less relevant, as it does not 
specifically focus on older individuals. Moreover, the winter and summer sampling 
campaigns in Ljubljana included 3 and 4 older adults (age >65 years), respectively. 

Validation studies have shown that the Garmin Vivosmart series devices record, in 
general, accurate fit-for-purpose data (Dorn et al. 2019; MONTES et al. 2020; Wahl et al. 
2017), even in physical activity estimates in older adults (Briggs et al. 2021; Chow and 
Yang 2020). Some caution is advised when considering energy expenditure data (Passler et 
al. 2019; Reddy et al. 2018), and during constant high vigorous activity (athlete) (Pasadyn 
et al. 2019). 

Each participant in the ICARUS sampling campaigns received one SAT, selected from 
two size classes based on their gender and age. They were instructed to strap the device 
on their dominant hand and fasten it as tight as possible, while still comfortable. Prior to 
the first visit when the participants received the devices, their personal data (gender, age, 
height, weight) was acquired and input in the SAT. Participants were given a charger for 
the SAT and instructed on how to charge the device in case the battery drained before the 
end of their data collection period. The SAT had approximately 5 days of battery life. All 
the data the participants collected was stored on the device, and at the end of the collection 
period uploaded to the Garmin server by a field worker/researcher. Data transfer to the 
server was possible via a USB charging cable or a Bluetooth connection to a smartphone 
with an installed Garmin Connect application. Participants had no access to their data 
during the data collection period, and did not have the Garmin Connect application 
installed on their smartphones. 

Several issues with the SAT were discovered during the data collection campaigns. 
While the participants were instructed to tightly strap the device, in some cases this was 
not strictly followed. In such cases the SAT was not able to collect heart rate data, as the 
sensor was not close enough to the skin. The movement data was recorded. Moreover, as 
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the device only stored data locally, the researcher team did not have information if the 
device is functioning correctly and collecting data, until it was connected to the server. 
Without this information field workers/researchers were not able to intervene if the devices 
malfunctioned or were not used correctly. 

1.4.2.2 The Personal Particulate Matter monitor 

The Personal Particulate Matter monitor (PPM) was primarily used to collect geographical 
location and PM concentration data. Additionally, ambient temperature and relative 
humidity data was collected. This project-built device comprised multiple components and 
was based on the Arduino platform.  

The main component was a Plantower pms5003 sensing unit, produced by the 
Nanchang Panteng Technology Co., Beijing, China, shown in Figure 5. This sensor is a 
nephelometer, using the light scattering principle, as described in Section 1.3, to estimate 
particle size and mass concentration in real time. Generally, low-cost optical sensors follow 
a similar concept, where a fan draws particles into a beam of light illuminating particles 
as they pass through, with scattered light being recorded on a photodetector and converted 
into an electrical signal. Sensors using this principle to assess PM concentrations are 
collectively referred to as optical particle sensors. The pms5003 collects the data from the 
photodetector and counts the number of particles based on a bin or particle size class, e.g., 
aerodynamic diameters between 2.5 µm and 10 µm. The particle mass for each size class is 
estimated after particle numbers are collected for all the bins. All optical particle sensors 
have to make certain assumptions, such as the size and composition of the particle, which 
can make them less accurate and more dependent on frequent calibrations. 

 

Figure 5: (A) A schematic representation of the pms5003 sensor. The image shows the 
airflow through the device, passing through the sensor, where the photodiode (PD) detects 
particles, and exiting the device via the fan. (B) Photograph of the pms5003 placed in the 
PPM. The four holes on the right bottom side od the sensor represent the air intake. The 
micro-USB port on the right side of the PPM is used for charging the battery. 

The pms5003 has been repeatedly used in wearable/portable and stationary AQ 
measuring devices. Inputting the search term “pms5003” in Scopus produced 83 hits (4 
May 2023), with papers spanning from 2017 to 2023. Although this does not capture all 
research using the pms5003 sensors, as papers in some cases describe the sensor as “the 
Plantower PM sensor”. The most widely used commercial personal monitors with an 
integrated pms5003 sensor is the PurpleAir Classic outdoor Air Quality monitor, with 
thousands of devices placed in various locations around the world contributing to a real-
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time map, available online (PurpleAir 2023). When the term “PurpleAir” is added to the 
search terms, 95 results come up, though newer iterations of the device use next generations 
of Plantower sensors. As the sensors have been extensively used and deployed, there is a 
large body of research evaluating their use and validating the data accuracy. 

The pms5003 has shown fairly accurate results in short-term and long-term laboratory 
and field evaluations. Field tests have repeatedly shown pms5003 sensors having moderate 
to high correlation with reference instruments, and high inter-sensor correlation (Bulot et 
al. 2019; Cowell et al. 2022; Masic et al. 2020). Results from long-term evaluations are 
somewhat conflicting, showing little to no drift (Connolly et al. 2022; Masic et al. 2020), 
and others recommending bimonthly calibration to account for drift in conditions with 
high average humidity (Cowell et al. 2022). Moreover, all field evaluations demonstrate the 
influence of high relative humidity on the results of the sensor. Indoor and laboratory 
evaluations come to similar conclusions, with the pms5003 having a moderate to high 
correlation with reference instruments. Some exceptions are noted for high relative 
humidity (Suriano and Prato 2023), smaller particles (<0.3 µm) (Singer and Delp 2018), 
larger particles (>2 µm) (Molina Rueda et al. 2023), and for PM concentrations of >100 
µg/m3 (Park et al. 2023). Measuring the accuracy under controlled conditions in a clean 
room, and exposed to cigarette smoke, showed good agreement with reference instruments 
and between sensors, and an improvement when results from different models of sensors 
were combined (Bulot et al. 2020). Research has demonstrated that the pms5003 can be 
used for purposes beyond measuring PM concentrations, i.e., for bioaerosol monitoring 
(Priyamvada et al. 2021). 

Due to the sensor’s low cost, small size, extensive use in research, and accurate data, it 
has been deployed in various community and participatory-based projects and research. A 
common use of the sensor is to integrate it into Do-It-Yourself (DIY) stationary devices 
capable of continuous measurements of PM concentrations. These devices are mounted on 
urban furniture or other infrastructure and used to collect PM concentration data in the 
local environment. The lower cost makes them more accessible to developing countries and 
can provide useful information to local communities and decision makers (Gryech et al. 
2020; Lassman et al. 2020). Moreover, the use of these devices has been demonstrated in 
CS applications to improve estimates of air quality based on satellite data (Ford et al. 
2019) and improve sensor accuracy with community-maintained sensors (Connolly et al. 
2022). 

The PPM, with an integrated pms5003 sensor, was provided for each participant in the 
ICARUS campaign for the duration of their sampling period. A micro-USB charger was 
provided to each participant. In a smaller repeat sampling campaign, described in Section 
3.3, an additional battery (power bank) was provided. The device functioned between 6 
and 8 hours and needed 3-4 hours to charge to full capacity. Participants were instructed 
to charge the device whenever possible, i.e., the participant must be close to the device at 
all times and have an electrical outlet or USB port nearby. During movement from room 
to room, indoor and outdoor, and when commuting, the participants affixed the PPM on 
their clothes or other personal item, e.g., backpack or handbag. All the collected data was 
stored on the internal SD card and simultaneously uploaded to a server via GSM network. 
This offered a real-time status check of each device. After the data collection campaign 
ended, the PPM was collected from the participants and the data from the SD card 
uploaded to a local device. In this case, same as with the SAT, the participants did not 
have access to the data in real-time. However, all participants received an extensive 
personal report, based on the data they collected, described in detail in Section 3.6. A 
detailed description of the PPM design, testing, and deployment was provided by 
Chapizanis (2019). 
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A DIY approach provided numerous customization options to design the PPM based 
on the goal of the project. However, it was not feasible to go through extensive testing, 
regarding repeated use, user- and researcher-friendliness, and other related features. Some 
devices frequently stopped working, consequently producing numerous data gaps. 
Researchers and field workers were frequently tasked with informing participants when the 
device malfunctioned, prompting them to reset the device or find a better GSM signal. 
This inconvenienced the participants and required more time and effort from the 
researchers. Further reading on these aspects is available in Robinson ( 2022). A relatively 
short battery life required frequent charging. When participants forgot to charge the PPM, 
it led to more data gaps. The pms5003, which also had an integrated temperature and 
relative humidity sensor, was affixed on the battery. Charging caused the battery to heat 
up, which led to some anomalies in the recorded data during the first few minutes. This 
issue if further elaborated in Section 3.2. Moreover, intense movements, e.g., during 
running, sometimes caused the device to stop working. Due to its size, it was also somewhat 
obtrusive to the wearer and difficult to attach securely during sporting activities. 
Inconsistent time stamps required rounding to the nearest minute to harmonize with the 
other collected data. 

1.4.2.3 The uHoo Indoor Air Quality monitoring station (IAQ) 

The uHoo Indoor Air Quality (IAQ) station was a multi-sensor stationary device, placed 
in each participating household in the ICARUS campaign, to assess indoor air quality. It 
measured ambient temperature and relative humidity, air pressure, and concentrations of 
PM2.5 and various gases (CO2, NO2, CO, TVOC, and O3). This work utilizes the data 
collected with the IAQ in Section 3.6, where it was included in the individual reports to 
participants. While the IAQ data was not used as extensively as the SAT and PPM data, 
a brief overview of the functionalities, accuracy, and drawbacks of the device is included 
in this section. 

A frequently cited report of a field evaluation of the IAQ was conducted by the Air 
Quality Sensor Performance Evaluation Centre in CA, USA, in 2017 (Air Quality Sensor 
Performance Evaluation Center 2017), approximately 1 year after the commercial 
deployment. These results showed poor performance of the PM2.5 and CO sensors, and fair-
to-good performance of the O3 sensor. Our own rudimentary validation experiments for 
PM2.5 in 2019 produced similar results. Future software updates claim to have improved 
the sensor accuracy. Importantly, as with most other commercial personal monitors, the 
uHoo was not designed to be used as a research-grade reference monitor for indoor air 
quality. A recent evaluation of the uHoo by Baldelli (2021) showed an improved 
performance and good-to-excellent correlation with reference devices for all measured AQ 
parameters in a laboratory environment (R2 of 0.98, 0.97, 0.99, 0.96, 0.99, and 0.82 and rs of 
0.98, 0.99, 0.90, 0.92, 0.98 and 0.57 for PM2.5, CO2, CO, NO2, TVOC (ethylene), and 
O3 respectively). The same experiment showed good correlation (uHoo to reference 
instrument) of PM2.5, CO2, and O3 in a real indoor place, although lower than in laboratory 
conditions. On the other hand, other experiments have shown poor performance of the IAQ 
in terms of measuring PM2.5 concentrations, specifically for low concentrations of PM2.5 
(<10 µg/m3) and smaller sized particles (Demanega et al. 2021). The PM sensor used in 
the IAQ (Shinyei Kaisha PPD42-60) has shown inconsistent performance in field tests 
(Johnson et al. 2018). Two key differences between the Shinyei and Plantower sensors are 
the light source and air flow function. As described in Section 1.4.2.2, the pms5003 uses a 
red laser diode and a fan that draws the air in the sensor. On the other hand, the PPD42 
uses a “classical” light emitting diode and a power resistor that heats the surrounding air 
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generating air flow (Canu et al. 2018). These simplified functionalities lower the cost of the 
PPD42 (10 to 15 USD), compared to the pms5003 (30 to 40 USD). 

The uHoo IAQ has not been as extensively utilized in research as the SAT and PPM. 
A home telemedicine system for continuous respiratory monitoring was developed that 
integrated the uHoo device (Angelucci, Kuller, and Aliverti 2021). It was used to 
continuously measure indoor AQ in the homes of chronic respiratory patients. An 
application of the uHoo to measure AQ in a gastrointestinal endoscopy unit in a hospital 
setting has reportedly shown promising results for health-related protective strategies 
(Bang et al. 2020). Moreover, it had been used to detect poor indoor AQ in warehouses 
(AlKheder et al. 2022) and estimate exposure to airborne allergens from mice and rats 
(Baldelli et al. 2020). A MSc thesis on the topic of the influence of indoor AQ on students’ 
academic performance utilized the uHoo and showed a positive relationship between indoor 
AQ and perceived quality of learning (de Boer 2022). On the other hand, the author 
acknowledged that the PM2.5 did not correlate with other PM measuring equipment and 
that TVOC values were constant and did not change “no matter what happened around 
it” (de Boer 2022). While these examples are few, spread out through different applications, 
and were conducted in different years, they show that the IAQ can be used for certain fit-
for-purpose indoor AQ monitoring applications. 

Each household in the ICARUS campaign was assigned one IAQ, which was installed 
by a field worker during the first visit. Prior to the installation, one of the participants 
from the household had to confirm that there was an available Wi-Fi network. The 
participants could communicate the password to the field worker or input it themselves, if 
they did not wish to share it. Participants and the field worker together decided on the 
room where the device should be placed. The selected room had to be one which all the 
household members use and was most frequently used. This was often a living room or an 
open space combining a living room, dinning rom, and kitchen. After the device was 
installed, the data stream to the uHoo server was checked. The participants were instructed 
not to interact with the device in any way, unless instructed by the research team. When 
the sampling period was finished, the device was unplugged and removed from the 
household. The data was downloaded from the uHoo server to a local device and 
harmonized with all the other data, as described in 3.6. 

Users described the IAQ device as “unnoticeable, non-disturbing, unobtrusive, and 
something that is plugged in and forgotten” (Robinson 2022). Moreover, the installation 
was quick and straightforward, the data was easily accessible, and a real-time status check 
possible in the smartphone app for the research team. Additional options were available to 
set notifications if the device recorded elevated concentrations or stopped working. On the 
other hand, the device required a constant connection to the Wi-Fi network that was 
assigned during installation. When the Wi-Fi connection failed, no data was recorded. 
Similarly, the IAQ did not record data when there was no electrical power. An 
improvement to the device would be a small battery (as the device uses little power) and 
an internal data storage. During a week-long sampling campaign, the IAQ produced around 
10 MB of data. A small data storage could store a considerable amount of data, which 
would be uploaded once the connection is restored. These issues produced numerous data 
gaps. 
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2 Hypothesis and Aims 

The purpose of this dissertation is to:  
(a) assess the overall usefulness and applicability of personal monitoring devices and 

technologies in individual-level exposure assessments in urban environments,  
(b) evaluate their accuracy by comparing their performance with the reference 

research-grade monitors and assess their output in real-world applications,  
(c) develop and implement automated procedures and tools for fusion, harmonization 

and visualization of data coming from diverse data streams,  
(d) determine the applicability and accuracy of advanced data analysis techniques, e.g., 

machine learning methods, in exposure assessments, and  
(e) compile a comprehensive assessment of individual-level exposure to indoor air 

pollutants and assess relative contributions of various activities and time spent in 
specific microlocations, using personal monitors with participants under real-world 
conditions.  

The outcomes of this research offer a comprehensive overview of the feasibility of 
individual-level exposure assessments and a roadmap to conduct this process, while 
considering advantages and the drawbacks of these technologies. These results provide 
insights into the applications of personal monitors in urban environments, and additionally 
how communication is customized and adapted to different stakeholders involved. 

2.1 Aims 
- Select, test, collocate and validate the appropriate personal monitors for urban 

stressor exposure and airborne particulate matter intake dose assessments. 
- Deploy personal monitors in a proof-of-concept exposure assessment campaign, 

including collecting and harmonizing the data coming from multiple data streams. 
- Determine the feasibility of machine-learning-supported data analysis in exposure 

assessments. 
- Develop a method for an integrated personal monitor-based multi-sensor urban 

stressor exposure and airborne particulate matter intake dose assessment.  

2.2 Hypothesis 
Hypotheses tested as part of this dissertation, based on data collected by personal monitors 
for the assessment of individual-level exposure to air pollutant and other urban stressors: 
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1) Personal monitors offer adequate accuracy compared to research-grade reference 
instruments and are fit for exposure and intake dose assessments on an individual 
level. 

2) Machine learning can be used to accurately classify manually logged activity and 
micro-location self-assessment data. 

3) In real-world conditions, increased exposure to air pollutants is dominated by 
relative contributions resulting from a few specific activities and microlocations 
only. 

4) Higher-resolution temporal and spatial data provides an improved and more 
detailed assessment of an individual’s exposure to air pollutants. 

5) Intake dose of airborne particulate matter is dependent on physical activity and 
the environment of the individual. 
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3 Scientific Publications 

This work consists of six manuscripts of scientific publications. The publications are 
presented in the order following the development and execution of the dissertation. An 
extensive scoping literature review is presented in the first publication (Section 3.1), 
detailing the current state-of-the-art in the field of assessing exposure to urban stressors, 
using personal monitors. This publication serves as a detailed introduction into the 
concepts of exposure assessments in urban environments, urban stressors as a risk to human 
health and wellbeing, types and applications of personal monitors, and engagement with 
stakeholders and participants. An evaluation of specific personal monitors and a 
comparison of particulate matter intake dose models are reported in the second publication 
(Section 3.2). Based on the results reported in this publication and other conclusions from 
the completed ICARUS sampling campaigns, a machine-learning-based approach for 
complex human activity recognition is presented as part of the third publication (Section 
3.3). The demonstrated approach could improve exposure assessments using personal 
monitors in terms of accuracy, deployment, data collected, and other aspects. The fourth 
(Section 3.4) and fifth (Section 3.5) publication report the development and demonstration 
of different personal monitor-based exposure and dose assessment to particulate matter. 
Specifically, the fourth publication reports on comparing indoor and outdoor exposure 
during high-exposure events, i.e., atmospheric thermal inversion. The fifth publication 
demonstrates a comparison between two approaches to a PM exposure assessment: a 
stochastic, i.e., agent-based model (ABM), and an approach using environmental, biometric 
and activity data, collected with personal monitors. Moreover, the fifth publication 
contains a description of an experiment based on a simplified virtual simulated society. 
The sixth publication (Section 3.6) focuses on data harmonization, fusion, and visualization 
used in the compilation of the final participants’ report.  
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3.1 Manuscript 1: Integrated Assessment of Personal 
Monitor Applications for Evaluating Exposure to Urban 
Stressors: A Scoping Review 

Section 3.1 consists of a scientific review article published in Environmental Research in 
2023, authored by Rok Novak, Johanna A. Robinson, Christos Frantzidis, Iliriana 
Sejdullahu, Marco Giovanni Persico, Davor Kontić, Dimosthenis Sarigiannis, and David 
Kocman. 

This scoping review provides an overview of the current state of research, and gaps and 
needs in personal monitor applications evaluating exposure to urban stressors. Moreover, 
recommendations are provided for more integrated, inclusive, and robust approaches in 
future research. The review explores various approaches of utilizing personal monitors 
through four evaluation criteria: 1) scope of exposure assessment, 2) stakeholder 
engagement, 3) involvement of participants, and 4) ethical considerations. The compiled 
results were analysed by using a waterfall methodology, delineating projects into distinct 
phases. This approach allowed a systematic identification of gaps and needs in each 
project/research phase. A graphical representation of the review process and some general 
results are shown in Figure 6. 

The results and conclusions of the review serve as an introduction to the overall topic 
of using personal monitors for exposure assessments. Specifically, the contents of the review 
deal with, among others, the types of personal monitors used in research, data collection 
and harmonization protocols, time-activity profiling, domains of interest, and integration 
of external data sources. These insights provide a contextual framework for the following 
sections of the thesis. 

 

Figure 6: Schematic representation of the review process and general results. 

I contributed to the conceptualization of the review, methodological design, the formal 
analysis and selection of papers, data curation and investigation, design of visualization, 
writing the original draft, and being involved in the review and editing. 

The article was written in the scope of the URBANOME project, specifically based on 
Deliverable 1.1, entitled: Methodological review paper on the type and use of sensor-based 
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technologies available for personal exposure assessment including which sensors are going 
to be employed in URBANOME. 
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3.2 Manuscript 2: Comparing Airborne Particulate Matter 
Intake Dose Assessment Models Using Low-Cost 
Portable Sensor Data 

Section 3.2 consists of a scientific article published in Sensors in 2020, authored by Rok 
Novak, David Kocman, Johanna A. Robinson, Tjaša Kanduč, Dimosthenis Sarigiannis, and 
Milena Horvat. 

Assessing the validity of the personal monitors used in research is paramount. The 
following article addresses this issue with a described approach of collocating a specific 
device used in the ICARUS sampling campaigns, i.e., the PPM, with a reference research-
grade monitor. While the device was extensively tested within its design phase, a simplified 
on-site validation, under specific local conditions, provided additional assurances for data 
accuracy. Results showed that the device provided reasonably accurate data, which could 
be used as intended in the ICARUS project. This was used as a basis for comparing different 
particulate matter intake dose models. Models were ranked based on complexity, defined 
by the number of variables in the model, and the types of data used (personal monitor-
based or not). More complex models, utilizing personal monitor data and more variables, 
provided more information in terms of estimates during high-exposure/dose events. On the 
other hand, less complex models gave sufficient fit-for-purpose outcomes and did not rely 
on using personal monitor data. 

The validation step confirmed the validity of the PPM, providing a solid basis for the 
data to be used in the following articles in the thesis. Moreover, a thorough assessment of 
different intake dose models supported the use of two of the models in the articles in Section 
3.5. 

I contributed to the conceptualization of the collocation and model comparison, 
collection, analysis, and visualization of the data, writing of the original draft, and 
reviewing and editing the final version. Moreover, as with the articles in Sections 3.3, 3.4, 
3.5, and 3.6, I contributed to the participant recruitment, data collection, curation, 
harmonization, validation, and visualization, in the scope of the ICARUS project. 
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3.3 Manuscript 3: Combined Use of Wearable Biometric and 
Environmental Sensors for Complex Activity 
Recognition in Participatory Exposure Research Using 
Machine Learning 

Section 3.3 consists of a scientific article submitted to Scientific Reports in 2023, authored 
by Rok Novak, Johanna A. Robinson, Tjaša Kanduč, Dimosthenis Sarigiannis, Sašo 
Džeroski, and David Kocman. 

This article discusses the use of personal monitors, combined with machine learning 
methods for complex activity recognition in participatory exposure research. Two groups 
of individuals wore the devices while manually recording activities, with one group 
recording activities with one-hour resolution and the other with one-minute resolution. The 
collected data was used to learn models with three classification algorithms. Results showed 
improved accuracy when activities were recorded at a finer temporal resolution and vaguely 
defined activities were divided into more detailed categories. The outcomes demonstrated 
the utility of combining data from wearable environmental and activity sensors to improve 
the process of recording activities in exposure assessments. 

The approach described in this article demonstrates the additional uses of personal 
monitors in research, apart from providing exposure data with high spatio-temporal 
granularity. An increasing adoption of personal monitors in exposure research presents an 
opportunity to leverage machine learning as a tool for exploring further potential of these 
technologies. 

My contribution to this manuscript was in the conceptualization, specifically comparing 
the two different groups by using machine learning. Moreover, I proposed and executed a 
second round of data collection with minute resolution, and contributed to the participant 
recruitment phase, data collection, validation, curation, and visualization. I prepared the 
original draft of the article, and collaborated in reviewing and editing the final version. 

An initial proof of concept for this article was published as a conference paper in the 
7th International Electronic Conference on Sensors and Applications in 2020, entitled Low-
Cost Environmental and Motion Sensor Data for Complex Activity Recognition: Proof of 
Concept, authored by Novak, Rok, Kocman, David, Robinson, Johanna A., Kanduč, Tjaša, 
Sarigiannis, Dimosthenis, Džeroski, Sašo, and Horvat, Milena. 
  



60 Chapter 3. Scientific Publications  



3.3. Manuscript 3: Combined Use of Wearable Biometric and Environmental Sensors for 
Complex Activity Recognition in Participatory Exposure Research Using Machine 
Learning 61 



62 Chapter 3. Scientific Publications  



3.3. Manuscript 3: Combined Use of Wearable Biometric and Environmental Sensors for 
Complex Activity Recognition in Participatory Exposure Research Using Machine 
Learning 63 



64 Chapter 3. Scientific Publications  



3.3. Manuscript 3: Combined Use of Wearable Biometric and Environmental Sensors for 
Complex Activity Recognition in Participatory Exposure Research Using Machine 
Learning 65 



66 Chapter 3. Scientific Publications  



3.3. Manuscript 3: Combined Use of Wearable Biometric and Environmental Sensors for 
Complex Activity Recognition in Participatory Exposure Research Using Machine 
Learning 67 



68 Chapter 3. Scientific Publications  



3.3. Manuscript 3: Combined Use of Wearable Biometric and Environmental Sensors for 
Complex Activity Recognition in Participatory Exposure Research Using Machine 
Learning 69 



70 Chapter 3. Scientific Publications  



3.3. Manuscript 3: Combined Use of Wearable Biometric and Environmental Sensors for 
Complex Activity Recognition in Participatory Exposure Research Using Machine 
Learning 71 



72 Chapter 3. Scientific Publications  



3.3. Manuscript 3: Combined Use of Wearable Biometric and Environmental Sensors for 
Complex Activity Recognition in Participatory Exposure Research Using Machine 
Learning 73 



74 Chapter 3. Scientific Publications  



3.3. Manuscript 3: Combined Use of Wearable Biometric and Environmental Sensors for 
Complex Activity Recognition in Participatory Exposure Research Using Machine 
Learning 75 

 



76 Chapter 3. Scientific Publications  



3.3. Manuscript 3: Combined Use of Wearable Biometric and Environmental Sensors for 
Complex Activity Recognition in Participatory Exposure Research Using Machine 
Learning 77 



78 Chapter 3. Scientific Publications  



3.3. Manuscript 3: Combined Use of Wearable Biometric and Environmental Sensors for 
Complex Activity Recognition in Participatory Exposure Research Using Machine 
Learning 79 



80 Chapter 3. Scientific Publications  

 
 



81 

3.4 Manuscript 4: Assessment of Individual-Level Exposure 
to Airborne Particulate Matter During Periods of 
Atmospheric Thermal Inversion 

Section 3.4 consists of a scientific article published in Sensors in 2022, authored by Rok 
Novak, Johanna A. Robinson, Tjaša Kanduč, Dimosthenis Sarigiannis, and David Kocman. 

This article discusses the use of the PPM to assess activity-specific and general indoor 
and outdoor exposure to particulate matter during and after a period of high concentrations 
of PM, i.e., an atmospheric thermal inversion (ATI), in the Ljubljana subalpine basin. 
Utilizing the data collected in the ICARUS project in Ljubljana, Slovenia, showed that 
indoor and outdoor exposure to PM was significantly higher during the ATI period. 
Moreover, larger differences were observed between mean indoor and outdoor exposure to 
PM during the ATI period than after. This research clearly demonstrated the utility of the 
PPM in a specific exposure assessment scenario. While monitoring stations provide valid 
and referential data on the outdoor concentration of PM, personal monitors better capture 
exposure in indoor environments. Recorded activities provide additional context. 

A concrete example of an exposure assessment using a personal monitor is demonstrated 
in this article. While this shows an exposure assessment for a population, it does provide 
some insights into exposure for specific individuals or during the activities they perform. 
The results of this research provide a proof of concept for using the PPM for a detailed 
exposure assessment, explored in Section 3.5. 

I contributed to the conceptualization of comparing indoor and outdoor PM exposure 
during a period with ATIs, the development of the methodology, data collection, validation, 
curation, and visualization. I prepared the original draft and contributed to the review and 
editing of the final version.  
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3.5 Manuscript 5: Simulating the Impact of Particulate 
Matter Exposure on Health-Related Behaviour: A 
Comparative Study of Stochastic Modelling and 
Personal Monitoring Data 

Section 3.5 consists of a scientific article submitted to Health and Place in 2023, authored 
by Rok Novak, Johanna A. Robinson, Tjaša Kanduč, Dimosthenis Sarigiannis, and David 
Kocman. 

In this article, two approaches to assessing exposure to PM and the associated dose are 
compared. The first approach utilizes a stochastic model, i.e., an agent-based model 
(ABM), with data collected in various population level studies, and governmental 
monitoring stations. On the other hand, the second approach uses the environmental, 
biometric and activity data, collected with personal monitors in the scope of the ICARUS 
project (labelled as the ICLJU data set in the article). The ABM simulated 100 agents, 
whose actions were governed by inherent probabilities of performing an activity, based on 
population data. Each activity was associated with (1) an intensity level, determining how 
vigorous an activity is and how it affects their minute ventilation (amount of air they 
breathe in one minute), and (2) a pollution level of PM, based on published research. The 
ICLJU and ABM had comparable results, showing similar trends and a mean dose. On the 
other hand, the largest discrepancies were seen in the activities with the highest mean dose 
values. Both approaches allow to observe exposure on an individual level. They can be 
used in combination, with the ABM offering the option for a large population size, without 
data gaps, and the ICLJU validating the inputs in the ABM. Furthermore, the ABM offers 
numerous options to extend the model and observe more complex social interactions and 
how they influence the dose and exposure to PM.  

An additional function was implemented in the model with agents influencing each 
other on their choice of transport. Specifically, all agents were capable of influencing any 
other agent to cycle or walk more, and in turn use the car or bus less. The influence varied 
based on several factors. Activists, special agents with an increased influence on other 
agents, were additionally implemented to explore how specific influential individuals could 
impact transport options, and consequently the PM dose and exposure. At low 
concentrations of outdoor PM this change in the model did not play an important role, 
and the estimated PM dose stayed almost the same. However, as concentrations rose, 
higher shares of activists (and their influence) caused the relative dose to increase 
considerably. This approach represents a foundation for further explorations of how social 
interactions can influence the PM dose and exposure. Potentially, the results could aid 
decisionmakers in designing more effective and targeted policies. 

My contributions for this article include the conceptual design, methodology 
development, building the ABM model and collecting the input data, data analysis, 
curation, and visualization. I wrote the original draft of the paper and contributed to the 
review and editing of the final version. 
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3.6 Manuscript 6: Harmonization and Visualization of Data 
from a Transnational Multi-Sensor Personal Exposure 
Campaign 

Section 3.6 consists of a scientific article published in the International Journal of 
Environmental Research and Public Health in 2021, authored by Rok Novak, Ioannis 
Petridis, David Kocman, Johanna Amalia Robinson, Tjaša Kanduč, Dimitris Chapizanis, 
Spyros Karakitsios, Benjamin Flückiger, Danielle Vienneau, Ondřej Mikeš, Céline 
Degrendele, Ondřej Sáňka, Saul García Dos Santos-Alves, Thomas Maggos, Demetra 
Pardali, Asimina Stamatelopoulou, Dikaia Saraga, Marco Giovanni Persico, Jaideep 
Visave, Alberto Gotti, and Dimosthenis Sarigiannis. 

Data in all ICARUS sampling campaigns was collected from more than 600 participants 
living in seven European cities. Each participant was entitled to a final report, based on 
their collected data. Harmonizing the large amount of data collected in the sampling 
campaigns presented several challenges. With the harmonized dataset, it was possible to 
automate the production of the reports to a degree. On the other hand, our results showed 
that a thorough manual check of all the reports was needed. The reports had to be designed 
and structured to not confuse the participant, while also providing enough data to gain 
meaningful insights. Visualizations were selected based on best practices and our 
communication efforts with the participants, e.g., a focus group of participants (see 
Robinson et al. (2021)). Relative values for NO2, CO2, and TVOCs and absolute values for 
PM concentrations and meteorological parameters were visualized. Our analysis of the data 
showed that the absolute values for NO2, CO2, and TVOCs were not accurate, while the 
trends and relative changes provided some information. The participants were made aware 
of the accuracy and limitations of the device they were using in the report, and in the 
visualizations. Overall, a properly structured report guided participants through the data 
and helped them extract useful information. 

I contributed to the conceptualization and design of the final report, co-wrote the code 
for building the report and automating the production, prepared the visualization, wrote 
the original draft of the manuscript, and contributed to the editing and review of the final 
version. 
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Chapter 4 

4 Conclusions 

This dissertation aimed to develop an integrated approach for evaluating the applicability 
of personal monitors in urban stressor exposure and airborne particulate matter (PM) 
intake dose assessments. The first step involved selecting, testing, collocating, and 
validating the appropriate personal monitors for the task. Once selected, the devices were 
deployed in a proof-of-concept exposure assessment campaign within the ICARUS H2020 
project. Data from multiple streams in the project were collected and harmonized. In 
addition to collecting data, in this work, the feasibility of using machine-learning-supported 
data analysis in exposure assessments was determined. This helped to identify patterns 
and relationships in the exposure and dose data that may not have been immediately 
apparent using traditional analysis methods. Finally, a method was developed using a 
stochastic, i.e., agent-based model, for an integrated personal monitor-based multi-sensor 
airborne particulate matter exposure and intake dose assessment. This provided a 
comprehensive understanding of the relationship between exposure to air pollutants and 
PM dose that could inform policies and interventions aimed at reducing the associated 
negative health impacts. 

Considering the first hypothesis, the validation efforts described in Section 3.2 and the 
results of the review in Section 3.1 confirm that personal monitors provide fit-for-purpose 
and accurate enough data for estimating exposure (or dose) to different air pollutants on 
an individual level, compared to reference research-grade instruments. Although the PPM 
was validated on-site using a collocation method, prior data demonstrated the reliability 
of the sensor. Additionally, personal monitors have a lower cost compared to research-
grade sensors. However, accuracy may be reduced in specific scenarios such as high levels 
of humidity, extremely high concentrations of PM, or during specific activities and 
movements. Further research is needed to validate the accuracy of personal monitor data 
in different scenarios and environments. Results in Section 3.2 have shown that the PPM 
devices did show a high correlation with the reference research-grade instrument. This was 
more evident for the smaller sized particles, PM1, while the correlation was lower for larger 
particles. These results correspond with the literature regarding the accuracy of the PM 
sensor. Moreover, the accuracy is on par with other personal or stationary PM monitors 
reported in the literature. Use cases for the PPM in Sections 3.4 and 3.5 have shown that 
the device is fit for these types of applications, i.e., individual level exposure and dose 
assessments. 

Section 3.3 addresses the second hypothesis and presents the use of wearable 
environment/ambient and wrist-worn activity/biometric sensors for complex activity 
recognition. The results showed a moderate to high accuracy of up to 77% for correctly 
classified instances of simple and complex activities. However, the accuracy was 
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considerably lower when activities were recorded per hour, compared to per minute. 
Additionally, the accuracy improved when vague and general activities were divided into 
more detailed activities. For improving the accuracy of some complex activities such as 
cooking and smoking, the data from the environmental personal monitor, i.e., PPM, was 
crucial. While movement sensors can recognize several activities, it is challenging for them 
to distinguish between complex activities, especially if the person is not wearing the sensor 
on the hand, they are using to perform an activity. Accurately predicting these types of 
activities is a necessity in personal exposure studies, and personal monitors can significantly 
contribute to this field. Therefore, the second hypothesis is confirmed with some caveats, 
as outlined above. 

The third hypothesis, stating that in real-world conditions, increased exposure to air 
pollutants is dominated by relative contributions resulting from a few specific activities 
and microlocations only, can be discussed through the results published in Sections 3.2, 
3.4, 3.5, and 3.6. Section 3.2 compares the intake dose models for PM1 exposure of two 
individuals in the ICARUS campaign. Although the sample size is small, the data suggests 
that exposure levels are relatively low and consistent throughout the entire period, with 
occasional spikes during high exposure events. However, when considering movement and 
PM dose, additional peaks are observed that are specific to certain activities, as shown in 
Section 3.4. On the other hand, the same results revealed that exposure is heavily 
influenced by outdoor concentrations of PM, even when indoors, and solely dependent on 
specific activities. Results in Section 3.5 showed that the activity that a person is 
performing has a higher influence on the PM dose than age or gender. While there are 
differences in PM dose among individuals of different ages and genders performing the 
same activity (e.g., middle-aged individuals having a lower dose when cleaning or smoking), 
these differences are smaller than the differences observed between activities. Furthermore, 
the results based on the ICARUS dataset do not fully align with the ABM results. Overall, 
these findings suggest that exposure to air pollutants is generally dominated by a few 
specific activities when viewed on an individual level over a period of days or weeks. 

Section 3.4 provides evidence to support the fourth hypothesis, which suggests that 
higher-resolution temporal and spatial data can lead to a more detailed and accurate 
assessment of an individual's exposure to air pollutants. Specifically, the analysis in this 
section demonstrates that indoor activities should not be overlooked in the evaluation of 
overall exposure. Certain activities, such as cooking and cleaning, can have a direct impact 
on air quality, while others, such as opening a window during a period of low outdoor air 
quality, can have an indirect impact. By capturing specific indoor activities, a higher 
resolution approach provides more context and a more robust assessment of exposure. In 
contrast, measuring exposure with a weekly or daily resolution cannot capture specific 
high-exposure events in microlocations. The results presented in Section 3.4 demonstrate 
that several high-exposure events can significantly raise exposure levels. Furthermore, a 
higher spatial and temporal resolution enables a more accurate assessment of how specific 
routines contribute to individual exposure. 

Sections 3.4 and 3.5 provide support for the fifth hypothesis, which asserts that PM 
dose is dependent on physical activity and the environment of the individual. While PM 
concentrations affect exposure, the dose is highly dependent on the specific activity a 
person is performing and their environment. For example, even at moderate levels of 
outdoor PM, cycling vigorously can lead to a considerably higher PM dose than a leisurely 
walk in the same space. Results also show that the PM dose differs based on the 
environment, mainly due to different levels of PM. The ABM simulation demonstrates that 
an increase in outdoor PM concentration (without increasing indoor levels) considerably 
raises the PM dose for the entire population. Moreover, frequent cycling and walking, as 
opposed to using a bus or car, lead to an even greater increase in PM dose, as a higher 
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minute ventilation rate associated with more vigorous activities increases the dose. This 
effect is further compounded during high-exposure events. It is important to note that 
these outcomes apply only when considering the dose of PM passing the theoretical space 
above the nose and mouth. Assessing the deposited dose of PM in the trachea or lungs, or 
the uptake of PM in the bloodstream, requires different considerations, such as particulate 
size, composition, and shape. It is worth noting that while PM dose and exposure during 
vigorous activities should be taken into account in health evaluations, in most cases, they 
should not discourage individuals from exercising or choosing active commuting, such as 
cycling or walking. As discussed in Section 3.5, a physically active lifestyle offsets any 
negative health effects associated with an increased PM dose in almost all cases. 
Furthermore, Section 3.6 emphasizes appropriate communication, which should be easy to 
understand, informative, and not unnecessarily alarming. 

Building on the outcomes presented in this thesis, future work should focus on further 
developing and validating modelling approaches, exploring additional uses of personal 
monitors, and incorporating participatory approaches. In the existing ABM, the agents do 
not have a “memory” and select the next activity based on predetermined probabilities for 
daily activities. A further development of this model would allow agents to adapt and learn 
based on their prior results with a “memory length” variable. Such a feature would allow 
the user to control how many prior activities influence the agent’s probabilities for their 
next action. Individuals generally do not have real-time data about their personal exposure 
to PM. An updated model would implement an option to have a share of agents that are 
willing to change their behaviour if they see that another strategy would reduce their dose. 
The latter approach could be further validated within a real-world assessment. 

Personal monitors provide a novel set of tools in assessing exposure to air pollution and 
other urban stressors. While there is a consensus that they are not on par with research-
grade monitors, their accuracy and reliability have improved in recent years. This thesis 
presents a thorough overview of their use, inception, and outcome analysis, in a specific 
context. Undoubtedly, this rapidly growing and developing field of research will provide 
numerous opportunities in the future. 
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