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Abstract 

This study evaluates the performance of Smart Citizen Kits (SCKs), a network of low-cost sensors, 

in monitoring urban air pollution, with a focus on PM2.5, PM10, carbon dioxide (CO2), ozone (O3), 

nitrogen dioxide (NO2), temperature, and humidity. SCK measurements were compared to reference-

grade instruments (ARPAE) during collocation campaigns in Bologna, Italy, during both summer and 

winter. The results indicate that while SCKs effectively capture the temporal trends of pollutants and 

environmental parameters, they show discrepancies in absolute concentrations, particularly for PM10 

and NO2, due to cross-sensitivity, environmental influences, and sensor-specific biases. Strong 

correlations were observed between temperature (R² = 0.89) and humidity, confirming the reliability 

of SCKs for environmental monitoring. However, moderate correlations for PM2.5 (R² = 0.59) and 

low correlations for PM10 (R² = 0.19) highlight the need for post-data correction methods to improve 

quantitative accuracy. The study also demonstrated the influence of meteorological factors, such as 

relative humidity and wind speed, on sensor performance and pollutant dispersion. This study 

underscores the potential of low-cost sensor networks for tracking urban air quality variability, 

provided that calibration and correction techniques are applied to enhance their accuracy and 

reliability for regulatory and scientific applications. 
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Chapter 1 
1. Introduction  

1.1 What are Low-cost Sensors  

Low-cost sensor (LCS) systems are essential instruments for completing the information gaps in 

current local and global air quality monitoring networks and provide data for air quality initiatives 

that are relevant to policy. LCSs are available in various forms, each with its unique specifications, 

enabling individuals, communities, agencies, and organizations to acquire real-time concentrations 

of gaseous and particulate matter (PM)(Omidvarborna & Kumar, 2024); these sensors offer a cost-

effective solution for air quality monitoring. LCS have recently been extensively implemented in low- 

and middle-income nations. These deployments primarily provide air quality data in areas that lack 

conventional (and costlier) reference-grade monitors. They augment reference grade monitors in 

high-income countries with more specific near real-time air quality data, such as monitoring fire, 

smoke, or car emissions on heavily trafficked routes.  

LCSs are small devices specifically engineered to monitor environmental factors, such as air 

pollution, at a much lower cost than conventional reference-grade equipment. The concentrations of 

gaseous and particulate pollutants such as nitrogen dioxide (NO ), ozone (O ), carbon monoxide 

(CO2), and particulate matter (PM2.5, PM10) are commonly detected using microelectromechanical 

system (MEMS) technology, electrochemical sensors, and optical sensors (Piedrahita et al., 2014a). 

These sensors can be widely used because they are cheap and create dense networks that offer high-

resolution geographical and temporal data on air quality (Castell et al., 2017b). 

Recent developments have greatly enhanced the performance of LCSs, even though they are less 

reliable and accurate than traditional monitoring systems (Morawska et al., 2018). The accuracy of 

these sensors is often improved by applying calibration and data correction techniques, making them 

appropriate for a range of applications, such as citizen science, academic research, and supplementary 

monitoring by regulatory bodies (Hernández-Gordillo et al., 2021). Moreover, the mobility and 

simplicity of installation of LCS enable immediate monitoring in many settings, including close to 

highways, industrial zones, and residential communities, thereby offering a significant understanding 

of specific pollution trends (Kumar et al., 2015).  

The present study employed the Smart Citizen Kit (Low-cost Sensor), designed and assembled by 

FabLab Barcelona, Spain, a cutting-edge instrument specifically developed for real-time monitoring 

of environmental variables. The kits exhibit modularity and portability, with sensors to quantify 
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meteorological parameters, including air temperature, atmospheric relative humidity, barometric 

pressure, light and noise levels, concentrations of gaseous air pollutants (specifically O3, VOCs, 

NO2), particle size distribution (0.3, 0.5, 1, 2.5, 5, and 10 µm), and particulate matter (PM1, PM2.5, 

and PM10) mass concentrations. Both indoor and outdoor tests were conducted to assess the 

geographical heterogeneity of air pollution in various metropolitan settings in Bologna, Italy and 

Barcelona, Spain, in the presence of reference-grad instruments. The utilization of the open-source 

hardware and software framework of the Smart Citizen Kit facilitated the gathering, visualization, 

and dissemination of data vital for our study. Using these kits, we collected data on the variations in 

pollution levels within urban environments during different seasons. Incorporating these kits into the 

SCK web portal (https://smartcitizen.me/kits/) for immediate data retrieval improved our capacity to 

monitor environmental conditions broadly, underscoring the significance of affordable, readily 

available technologies in environmental and pollution research. 

1.2 Introduction to Urban Air Pollution   

1.2.1 Definition and significance  

Air pollution refers topollution of indoor or outdoor environments caused by chemical, physical, or 

biological factors that alter the natural characteristics of the atmosphere(Duan et al., 2024). This has 

become a hot issue over the past few decades, and the problem is expected to continue for decades. 

Particulate matter (PM2.5, PM10), nitrogen oxides (NOx), sulfur dioxide (SO2), carbon monoxide 

(CO), volatile organic compounds (VOCs), and ground-level ozone (O3) are among the most critical 

pollutants found in urban air (Luben & Epa, 2023). They are considered important to study because 

of their adverse effects on human health, ecosystems, and the climate. The World Health Organization 

(WHO) identifies urban air pollution as a significant global public health risk because it is responsible 

for an estimated 4.2 million premature deaths annually (World Health Organization [WHO], 2020). 

Furthermore, air pollution worsens climate change by increasing the quantities of greenhouse gases 

and short-lived atmospheric pollutants. These changes, in turn, contribute to global warming and its 

associated consequences.  

1.2.2 Overview of urbanization and its impact on air quality  

Urbanization, characterized by progressive clustering of people in urban regions, has been a 

prevailing pattern in recent decades. An estimated 55% of the global population will reside in urban 

areas by 2020, which is expected to increase to 68% by 2050 (United Nations 2018). Although 

urbanization has positively contributed to economic expansion and enhanced service accessibility, it 

has also contributed to several environmental issues such as air pollution, water contamination, and 

loss of green spaces. Urban expansion generally results in elevated energy usage, more significant 
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usage of private vehicles, and increased industrial operations (rise in manufacturing facilities and 

commercial enterprises), all of which contribute to air quality degradation (Kumar et al., 2015). 

Transportation congestion in several urban areas contributes significantly to air pollution, particularly 

nitrogen oxide and particulate matter emissions and concentrations (Requia et al., 2018). The urban 

heat island phenomenon, characterized by the uneven distribution of temperatures across urban and 

rural areas, intensifies air pollution by expediting the chemical processes responsible for the 

formation of ground-level ozone (Stone et al., 2010). This increased ozone formation can lead to a 

range of negative health effects, particularly in vulnerable populations, such as children, the elderly, 

and those with respiratory conditions(Crank et al., 2024). Additionally, the heat island effect can 

exacerbate the concentration of particulate matter in urban areas, further compromising air quality 

and public health(Piracha & Chaudhary, 2022). 

1.3 Sources and Types of Urban Air Pollution in urban 

areas  

Urban air pollution is an intricate combination of many contaminants that arise from two or more 

sources and is primarily caused by human activities. Transportation, industrial operations, domestic 

heating, and cooking are the principal contributors to urban air pollution. Urban air pollutants can be 

broadly divided into primary and secondary categories. Primary pollutants are substances released 

directly from sources such as particulate matter from cars or sulfur dioxide from industrial operations.  

Transportation: The transportation industry is the primary source of urban air pollution. Motor 

vehicles fuelled by fossil fuels release substantial quantities of nitrogen oxides (NOx) and carbon 

monoxide (CO) from the exhaust, while particulate matter (PM) is emitted both from the exhaust and 

from the abrasion of mechanical components, such as brakes and tyres. Dependence on private 

automobiles, particularly in highly populated metropolitan regions, worsens air quality challenges 

(Apte et al., 2015). Excessive traffic congestion exacerbates this issue by increasing emissions and 

extending exposure of urban inhabitants (Hischier et al., 2020). 

Industrial Activities: Manufacturing, mining, and chemical production are significant sources of air 

pollutants including sulfur dioxide (SO ), volatile organic compounds (VOCs), and heavy metals. 

These industrial processes often release particulate matter and nitrogen oxides (NOx) that contribute 

to smog formation and respiratory issues(Maring et al., 2023). Emissions from these sectors can have 

far-reaching effects on air quality, affecting both urban and rural areas. Frequently, these emissions 

result in concentrated pollution hotspots, particularly in industrial zones near residential areas 

(Sobrinho et al. 2024). The insufficient implementation of modern technology and inadequate 
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enforcement of emission regulations in specific regions exacerbate the pollution levels originating 

from these sources (Molina & Molina, 2004). 

In certain metropolitan regions, especially in developing nations, the use of solid fuels, such as coal, 

wood, and biomass, for heating and cooking substantially contributes to indoor and outdoor air 

pollution. The incomplete combustion of these fuels generates toxic pollutants such as particulate 

matter (PM), carbon monoxide, and black carbon, which contribute to the deterioration of air quality 

and related health hazards (Chafe et al., 2015). 

Power generation facilities, particularly from fossil fuels, such as coal, oil, and natural gas, are 

significant contributors to air pollution, including sulfur dioxide, nitrogen oxides, and particulate 

matter. With the expansion of urban populations, there has been a corresponding increase in the need 

for electricity, resulting in elevated emissions from power-producing facilities (Lelieveld et al., 2015). 

The proximity of these facilities to metropolitan areas can substantially affect air quality in the 

surrounding area. 

Secondary pollutants are formed in the atmosphere via complex chemical reactions involving primary 

pollutants and other atmospheric constituents. These reactions, often driven by sunlight or other 

environmental factors, convert primary emissions like nitrogen oxides (NOx) and volatile organic 

compounds (VOCs) into pollutants such as ozone (O ) and secondary particulate matter(Xiang et al., 

2023). Tropospheric ozone is a secondary pollutant generated by the interaction between nitrogen 

oxides and volatile organic compounds (VOCs) under the influence of sunlight (Monks et al., 2015). 

Both primary and secondary pollutants are significant contributors to the intricate air quality issues 

encountered by metropolitan regions globally, affecting human health, ecosystems, and the climate. 

1.4 Motivation of the Study  

The rationale for this work is rooted in the necessity of tackling the difficulties presented by urban 

air pollution and the constraints of conventional air quality monitoring methods. The escalating issue 

of urban pollution is primarily associated with its profound consequences for human health and the 

environment. Although conventional monitoring systems are precise, they are costly and frequently 

have restricted coverage, resulting in data collection gaps, especially in heavily populated or 

economically disadvantaged regions. Low-cost sensors present a viable solution to this issue, as they 

are more cost-effective and may be implemented in more significant quantities, thus possibly yielding 

more extensive data. Nonetheless, the dependability and efficiency of these sensors under actual 

environmental conditions are still under investigation. This work aims to assess the precision and 
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reliability of inexpensive sensors in monitoring urban air pollution, with the aim of ascertaining their 

efficacy in complementing or perhaps substituting conventional techniques. Thus, the project intends 

to enhance the creation of more resilient and readily available air quality monitoring networks that 

can effectively guide public health policies and environmental management plans. 

1.5 Importance of addressing urban air pollution (generic)  

Metropolitan air pollution is a paramount environmental issue that affects contemporary urban areas. 

With the growth of urban populations and the intensification of industrial operations, there has been 

a substantial increase in the concentration of hazardous pollutants in the atmosphere, including 

particulate matter (PM), nitrogen oxides (NOx), sulfur dioxide (SO ), and volatile organic compounds 

(VOCs). The concentration of these contaminants presents significant hazards to the well-being of 

the general population, leading to respiratory and cardiovascular ailments, untimely mortality, and 

diminished overall quality of life (World Health Organization, 2021). Furthermore, urban air 

pollution has wider ecological consequences, such as ecosystem deterioration, decreased agricultural 

output, and the hastening of climate change caused by the release of greenhouse gases and transient 

climatic pollutants (Lelieveld et al., 2015). In addition to enhancing public health outcomes, 

addressing urban air pollution is essential to promote sustainable urban growth, lower healthcare 

expenses, and achieve global climate objectives. Optimal air quality control in metropolitan regions 

is crucial for establishing healthier living conditions and promoting the general welfare of urban 

residents (UN Environment Programme [UNEP], 2019). 

1.6 Statement of the Problem (Rationale for the Study)  

Despite the increasing recognition of the hazards posed by urban air pollution, current air quality 

monitoring methods encounter substantial constraints, such as geographic extent and financial 

implications. Although very precise, conventional monitoring stations are costly to establish and 

maintain, resulting in their deployment in relatively sparse areas (Báthory et al., 2022). Such 

disparities in data are particularly evident in heavily populated, economically disadvantaged, or 

industrial regions, where pollution levels might exhibit substantial variations (Khreis et al., 2022). 

The advent of inexpensive sensors has presented a promising solution to this issue, providing the 

opportunity for extensive, high-resolution monitoring at a much lower expense compared to 

conventional systems (H. Y. Liu et al., 2019). However, the effectiveness and dependability of these 

inexpensive sensors in actual urban settings remain unclear. The primary objective of this work is to 

thoroughly assess the precision, longevity, and general efficacy of inexpensive sensors in the 

surveillance of urban air pollution. To improve our capacity to monitor and manage urban air quality 
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more efficiently, this study intends to provide valuable insights into the viability of incorporating 

inexpensive sensors into current air quality monitoring networks by addressing these issues. 

1.7 Why Low-cost sensors? Opportunity and Challenges  

The advantages of low-cost sensors for research include (Aleixandre & Gerboles, 2012; Borrego et 

al., 2016; deSouza et al., 2020) 

1. The field deployment of economical sensors facilitates enhanced spatial and temporal 

coverage, thus enabling a more comprehensive monitoring of air pollution across various 

regions and periods. This improves the resolution and identification of localized pollution 

incidents that may be overlooked by stationary reference-grade sensors. 

2. Cost-effective sensors are designed for ease of use and low maintenance, and require minimal 

technical expertise for installation and operation. Their intuitive interfaces and 

straightforward maintenance protocols render them suitable for extensive implementation in 

diverse settings. 

3. Numerous cost-effective sensors are equipped with battery power sources that enable remote 

or portable utilization without the need for continuous electrical access. This makes them 

optimal for assessing air quality in regions with inadequate power infrastructure, or where 

mobility is essential. 

4. These sensors can connect via Wi-Fi or Bluetooth to transmit data, occasionally in real time, 

to central servers or crowdsourcing platforms. This connectivity facilitates the collection and 

dissemination of data across extensive geographic regions, enhancing both spatial and 

temporal resolutions for air quality monitoring. 

 

However, low-cost sensors have the following limitations and challenges (Gamboa et al., 

2023)(Madhwal et al., 2024):  

1. Regular testing and calibration are essential to maintain the accuracy and reliability of budget-

friendly sensors over time. Without periodic calibration, sensor measurements may deviate, 

resulting in inaccurate data and the potential misinterpretation of pollution concentrations. 

2. Affordable sensors are susceptible to interference from other environmental substances, 

which can compromise their ability to measure specific pollutants precisely. For instance, 

gases or particles that are not the primary focus of the sensor may still influence readings, 

requiring careful analysis and potential adjustments. 

3. The performance of low-cost sensors is significantly affected by weather-related factors such 

as temperature, wind velocity, and humidity. These environmental conditions can distort 
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sensor readings, leading to inaccuracies, unless addressed through calibration or corrective 

algorithms. 

4. Sensor aging and drift occur over time, gradually diminishing the measurement precision. 

This deterioration may necessitate frequent recalibration or replacement to ensure that the data 

remain accurate and representative of the actual conditions. 

5. Given the considerable expense of extensive field testing by trained researchers, it is crucial 

to calibrate low-cost sensors along with reference-grade monitors. This process helps validate 

sensor accuracy but introduces additional complexity and cost to their widespread 

implementation. 

6. While individual low-cost sensors are affordable, the high expenses associated with field 

calibration and upkeep make large-scale deployments costlier. This is particularly evident 

when aiming for precise long-term monitoring across extensive geographic areas. 

7. Sensors measuring particulate matter (PM) are particularly prone to inaccuracies caused by 

weather-related factors such as relative humidity (RH), calibration drifts, and limited 

durability. Despite these challenges, sensor manufacturers often provide minimal information 

about the actual performance of low-cost PM sensors in real-world settings, complicating their 

reliable use in field studies (Alfano et al., 2020; Vogt et al., 2021). 

1.8 Gaps and contributions to the field (generic)  

Despite significant advancements in urban environments, critical gaps remain in air quality 

monitoring technology, particularly in the extensive deployment and reliability of low-cost sensors. 

Although traditional air quality monitoring stations are accurate, their high costs and maintenance 

requirements limit their availability, resulting in inadequate coverage in numerous urban areas, 

particularly those with lower incomes (Borrego et al., 2016). Low-cost sensors provide a promising 

solution to these voids; however, their long-term accuracy, calibration requirements, and 

susceptibility to environmental factors, such as temperature and humidity, are still being investigated 

(Jiao et al., 2016). Furthermore, the integration of these sensors into existing monitoring networks is 

further complicated by the absence of standardized protocols for the deployment, calibration, and 

interpretation of data, and the variability in sensor performance across different brands and models 

presents additional challenges(Bandara et al., 2020; Narayana et al., 2024; Pamula et al., 2022). To 

resolve these gaps, this study aimed to assess the performance of low-cost sensors, establish 

standardized deployment protocols, and investigate their integration with conventional monitoring 

systems. Ultimately, the goal of this study was to provide valuable insights into air quality monitoring. 
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1.9 Objectives of the Study  

The primary objective of this study is to evaluate the potential and limitations of low-cost sensor 

technologies for urban air quality monitoring. Specifically, this study aimed to: 

1. To assess the operational effectiveness of Low-Cost Sensor Kits (SCKs) under diverse 

environmental conditions, including varying meteorological parameters and pollutant levels. 

This will help to understand their performance in real-world settings. 

2. Benchmark the data generated by Low-Cost Sensors against established regulatory 

monitoring systems to determine their accuracy and reliability in comparison with high-grade 

reference instruments. 

3. Evaluation of the feasibility and applicability of deploying low-cost sensors for continuous 

and large-scale urban air quality monitoring. This involves assessing their utility in identifying 

pollution hotspots and their potential for integration into existing monitoring networks. 

1.10 Structure of the thesis  

The following chapters present the details of this thesis. Chapter 2 provides a comprehensive literature 

review of the topic under investigation, followed by a description of the research methodology in 

Chapter 3, which elucidates the work plan and experimental protocols in detail. Chapter 4 will present 

the results of the indoor and outdoor experiments, and Chapter 5 offers concluding remarks.  
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Chapter 2 
2. Literature Review 

2.1 Air Pollution Monitoring   

The global issue of Urban air pollution poses significant challenges to public health, climate change, 

and sustainable urban development(Manisalidis et al., 2020). Tracking air pollution in cities is crucial 

for understanding how pollutants vary across space and time, ensuring compliance with air quality 

regulations, and creating effective strategies for reducing pollution (Orsetti et al., 2022). High 

concentrations of contaminants, such as particulate matter (PM), nitrogen oxides (NOx), and ozone 

(O3), are linked to respiratory and cardiovascular illnesses, early death, and reduced quality of life 

(N. M. Liu & Grigg, 2018). Accurate and ongoing monitoring allows decision makers and scientists 

to pinpoint pollution hotspots, assess the effectiveness of regulatory actions, and improve public 

awareness. Moreover, innovations in monitoring technologies, such as affordable sensors and remote 

sensing, enhance the ability to gather detailed data and enable real-time analysis and community 

involvement. These initiatives contribute to the development of sustainable urban environments, 

building resilience against environmental threats, and enhancing the health outcomes of city residents 

(Kelly et al., 2012; Myeong & Shahzad, 2021). The characteristics of the three types of instruments 

utilized for air quality monitoring were delineated as follows: 

 

2.1.1 Low-cost Sensors:  

Affordable sensor technology has emerged as a promising tool for urban air quality monitoring, 

providing an economical and widely available method for scientific studies and community 

involvement (Chojer et al., 2020). These budget-friendly devices are increasingly being integrated 

into citizen science kits, allowing individuals and neighborhoods to actively participate in 

environmental data gathering and observation. Recent technological advancements have facilitated 

the development of low-cost sensors capable of monitoring various air pollutants, including 

particulate matter (PM), nitrogen dioxide (NO ), and ozone (O )(Ródenas García et al., 2022). These 

low-cost sensors provide an economically viable option for extensive air quality monitoring, 

including devices such as smart citizen kits (version 2.0), among various other projects. 

Notwithstanding their affordability, the accuracy and reliability of these sensors can vary 

considerably compared to more expensive reference-grade systems(Kang et al., 2022). Research has 

demonstrated that cost-effective sensors can generate valuable spatial information; however, their 

accuracy requires calibration and validation against reference equipment (Tryner et al., 2021). 
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2.1.2 Reference-Grade Instruments:  

To monitor urban air pollution concentrations, reference-grade instruments are crucial for precise 

environmental monitoring and regulatory compliance, as they adhere to rigorous standards set by 

organizations such as the European Environment Agency (EEA) and Environmental Protection 

Agency (EPA) (El shaarawi, 2012). Monitoring often involves a network of air quality sensors 

strategically placed throughout cities to measure various pollutants. Real-time data collection and 

analysis can help identify pollution hotspots and trends, thereby enabling targeted interventions 

(Penza, 2020). Additionally, advanced technologies, such as satellite imaging and mobile sensing 

units, are increasingly used to complement traditional monitoring methods, providing a more 

comprehensive picture of air quality across urban areas. The standard for air quality assessment is 

traditional monitoring networks, which typically consist of high-quality reference-grade instruments 

(Ahangar et al., 2019; Sokhi et al., 2022). These instruments are typically more expensive and require 

specialized training for an effective operation. They are strategically deployed to monitor air and 

water quality, among other environmental parameters, over extended time periods. This ensures that 

the collected data are accurate and reliable, which is essential for validating data from low-cost 

sensors and ensuring compliance with EU regulations (Metzenbaum, 2017). The provided data do not 

directly address the specifics of reference-grade instruments but focus on the cost implications of 

different environmental policy instruments, including monitoring and enforcement costs. 

2.1.3 Emerging Technologies:  

Air pollution monitoring is transforming owing to the integration of new technologies, including 

remote sensing observations. These technologies provide a supplementary spatial context and offer 

broad-scale monitoring capabilities, augmenting ground-based measurements (Burke et al., 2021; 

Stratoulias et al., 2024). Mobile air quality sensors and Internet of Things (IoT) enabled devices to 

enhance the capacity to dynamically monitor and manage air pollution (Asha et al., 2022). In 

summary, air pollution monitoring systems encompass a broad spectrum of devices ranging from 

low-cost sensors to high-precision reference instruments, each with distinct advantages and 

limitations. The most comprehensive insights into air quality are frequently obtained through an 

integrated approach that incorporates various technologies, thereby supporting public health and 

environmental management (Bakirci, 2024). 

2. The use of low-cost sensor networks in monitoring Urban 

Air pollution ï advantages and disadvantages 

Low-cost sensors can be deployed in dense networks, offering high-resolution data that traditional 

sparse networks cannot (Popoola et al. 2018). This allows for the better identification of pollution 
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hotspots and more detailed monitoring of urban air quality variations, providing opportunities and 

challenges compared to traditional methods (Mead et al., 2013; Nalakurthi et al., 2024b). The 

deployment of cost-effective sensor networks presents an opportunity for more extensive and detailed 

data acquisition, facilitating a thorough understanding of air quality fluctuations in urban settings. 

Nevertheless, apprehensions regarding these sensors' data quality and reliability have sparked 

ongoing research discussions regarding their appropriate role in official air quality monitoring and 

policy formulation processes (Poupry et al., 2023). Consequently, increasing attention is being 

directed toward developing methodologies that integrate data from both conventional and cost-

effective sensor networks, aiming to capitalize on the respective strengths of each approach and yield 

more comprehensive air quality evaluations (Navarro et al., 2024).  

Following a recent literature review, the benefits of low-cost sensor networks can be summarized as  

1. Increased spatial coverage: The affordability of low-cost sensors enables them to be deployed 

at significantly higher densities than that of traditional instruments. This comprehensive 

coverage identifies the concentrations and variations within urban landscapes that traditional 

networks may overlook, allowing detailed spatial mapping of pollutants (Fritz et al., 2022). 

2. Allow for community engagement: The accessibility and simplicity of low-cost sensors 

facilitates community involvement in air quality monitoring. The utilization of these sensors 

in citizen science initiatives has the potential to enhance public awareness and engagement, 

which could have an impact on personal behavior and community advocacy (Buonanno et al., 

2024; Higgins et al., 2024).  

3. Increasing the availability of real-time data: Many low-cost sensors can generate real-time 

data, which is advantageous for improving public information systems and disseminating 

immediate health advisories, in contrast to conventional methodologies that frequently require 

postponed laboratory analysis (Bousiotis et al., 2023). 

 

The disadvantages of low-cost sensor networks are as follows:    

1. Accuracy and reliability: Although progress has been made in developing low-cost sensors, 

they still cannot match the reliability and accuracy of reference-grade instruments (Sá et al., 

2023). Variables such as humidity, temperature, and age can substantially influence their 

efficacy. The calibration and validation of superior-quality sensors remain significant 

obstacles (Adresi & Pakhirehzan, 2023; Bulot et al., 2023).  

2. Data management and standardization: The proliferation of data from dense sensor networks 

presents substantial challenges in terms of data management, quality control, and 

standardization. Robust data processing frameworks are necessary to ensure that data from 
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disparate sources are comparable and integrated into air quality models, which is a complex 

endeavor (Eichstädt & Werhahn, 2024). 

3. Calibration Challenges: Regular calibration is essential for maintaining the precision of 

inexpensive sensors; however, this process can be both costly and intricate. The credibility of 

data is jeopardized when proper calibration is lacking, particularly in informal networks used 

for purposes such as monitoring air quality (Nalakurthi et al., 2024). 

Comparative Analysis: Conventional monitoring networks provide unparalleled credibility, 

reliability, and accuracy, which are indispensable for long-term environmental planning and 

regulatory compliance. However, their scalability and flexibility in dynamic urban environments are 

restricted by their high costs, complex maintenance, and typically lower spatial resolution. Despite 

their limitations, low-cost sensors offer a complementary approach to conventional methods. They 

increase spatio-temporal access to air quality data and broaden the scope of monitoring initiatives. 

When integrated, both systems can offer a more thorough understanding of the dynamics of urban air 

pollution. 

In conclusion, incorporating low-cost sensor networks into conventional air-quality 

monitoring frameworks is a promising development in environmental science. Although low-cost 

sensors cannot compensate for high-quality instruments, they substantially improve the spatial data 

resolution and public engagement in urban air quality monitoring when utilized in a well-defined 

manner (evaluating differences and applying post-data correction methods). Balancing the strengths 

and weaknesses of both the systems is essential for creating sustainable and effective air pollution 

monitoring strategies. 

3. Role of meteorology in the Sensor's performance  

The precision and performance of low-cost air quality sensors are significantly affected by weather 

conditions. Because potential temperature changes affect sensor responses, frequent calibration is 

crucial (Agrawal et al., 2024). Humidity can interfere with electrochemical and optical sensors, 

potentially leading to inaccurate readings (Pereira & Ramos, 2022). Wind speed and direction can 

modify the local distribution of pollutants, thereby influencing sensor data (Chu et al., 2024). 

Atmospheric pressure changes can affect the effectiveness of the PM sensors (Christakis et al., 2022). 

In addition, solar radiation can degrade sensor materials over time, affecting their sensitivity. To face 

these impacts and ensure reliable air quality monitoring, it is vital to implement thorough calibration 

procedures and carefully consider the sensor placement. 
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2.3.1 Temperature 

The potential for dense network deployment and the affordability of low-cost sensors have caused 

them to become more popular for monitoring air pollution and have enabled the collection of detailed 

spatial data on air quality. However, these sensors encounter substantial obstacles, particularly the 

impact of temperature on their functionality (Sakaļ & Bosilj, 2024a). Temperature influences the 

chemical processes and physical properties of sensors. For instance, temperature fluctuations may 

induce substantial deviations in gas sensor measurements that detect nitrogen dioxide or ozone (Sola 

et al., 2024). Similarly, the airflow within particulate matter sensors can be influenced by temperature, 

which affects the particle counts and size distribution detected (Occhipinti & Oluwasanya, 2017; 

Oluwasanya et al., 2020). The calibration of these sensors presents additional obstacles as they are 

typically conducted under specific environmental conditions (Nalakurthi et al., 2024). Deviations 

from these conditions owing to temperature fluctuations can result in inaccurate readings. This 

problem is further complicated by localized heat islands in urban environments, which can result in 

significant temperature fluctuations and further complicate the calibration process (Agrawal et al., 

2024). Numerous strategies have been implemented to alleviate the effects of temperature fluctuation. 

Temperature compensation algorithms are prevalent methods that modify sensor measurements of 

the most recent temperature data (Chen & Teng, 2021). Another approach involves physical alteration 

of the sensor housings to reduce temperature fluctuations. This involves using ventilated enclosures 

or insulating materials to shield sensors from ambient temperature extremes and direct sunlight 

(Holstius et al., 2014). Ongoing research aims to develop durable, low-cost sensors that are less 

susceptible to temperature fluctuations. This entails investigating advanced materials that are less 

thermally sensitive and integrating sensor arrays that can compensate for individual temperature 

effects using sophisticated algorithms. These advancements are essential because they enhance the 

precision and dependability of data collected from these sensors (Omidvarborna et al., 2020). The 

operational strategies for consumers of low-cost sensors involve understanding the environmental 

conditions of the deployment area, particularly the range of temperature variations. Therefore, routine 

recalibration and maintenance are imperative to mitigate temperature-induced inaccuracies. In 

addition, exposure to extreme temperatures can be mitigated by placing sensors in shaded areas or 

within specially designed enclosures (Tryner et al., 2021). In summary, although low-cost sensors 

provide substantial benefits for air pollution surveillance, their vulnerability to temperature 

fluctuations is a significant obstacle. The reliability of these devices under varying environmental 

conditions can be substantially improved through the implementation of temperature compensation 

techniques, careful calibration, and continuous advancements in sensor technology. It is anticipated 

that newer models will be more capable of managing environmental variables such as temperature, 
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as sensor technologies continue to develop. Overall, although temperature can affect the performance 

of low-cost sensors, its impact varies depending on the sensor type and environmental conditions. 

Particle sensors are less affected by temperature (Williams, 2019), whereas gas sensors are 

significantly influenced (Samad et al., 2020). Calibration and environmental control are crucial for 

improving the sensor accuracy and reliability.  

 

2.3.2 Humidity   

In addition to the  the influence of temperature on low-cost sensors for air pollution monitoring 

previously discussed, it is imperative to consider the substantial impact of humidity on these devices 

(Feng et al., 2024; X. Liu et al., 2020b). Humidity presents distinct challenges that can compromise 

the accuracy of sensor measurements, particularly for gases and particulate matter, analogous to the 

effects of temperature fluctuations on the sensor response. Humidity can significantly influence 

chemical processes within gas sensors (Demanega, Mujan, Singer, AnĽelkoviËcanĽelkoviËc, et al., 

2021). Water vapor can interfere with the chemical reactions on the sensor surface in sensors that 

measure reactive gases such as ozone or nitrogen dioxide. Water molecules may compete with gas 

molecules for adsorption on the sensor, resulting in distorted readings. This phenomenon can lead to 

either underestimation or overestimation of gaseous pollutants concentrations (Wei et al., 2018).  

Humidity also presents challenges for particle matter sensors. Under high-humidity conditions, these 

sensors may register readings higher than the actual pollutant levels because hygroscopic particles 

absorb moisture and tend to grow, resulting in an overestimation of the particulate matter mass 

concentrations measured using optical particle counters. This phenomenon complicates accurate 

measurement and analysis in humid environments and conditions by altering the mass of the particles 

and their size distribution (Jayaratne et al., 2018).  Advanced compensation strategies (correction 

algorithms) and calibration are essential for mitigating humidity-related inaccuracies. Some 

manufacturers (ZigBee Module and SHT20 Sensor [(Ukadike et al., 2024)], DHT22 and MQ135 

Sensors [(Waworundeng, 2023)], and SHT21 Sensor from Sensirion [(Suárez et al., 2018)]  have 

integrated humidity sensors into their air quality monitoring devices to adjust readings dynamically 

according to the detected humidity levels. Moreover, correction factors derived from extensive 

calibration exercises under various humidity conditions were applied using algorithms developed to 

account for humidity effects (Vajs et al., 2021). These correction factors ensured that the sensor 

output remained reliable regardless of the ambient humidity level.  The sensor enclosures were 

modified to mitigate the effects of the ambient humidity. Protective coatings, electric heaters, and 

enclosures have been applied to shield sensitive components from moisture and maintain sensor 

integrity and functionality over time (Schilt et al., 2023). Despite these advancements, the widespread 
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implementation of low-cost sensors in regulatory and health-based air quality monitoring remains 

challenging owing to humidity-induced variability. Continued research is imperative to enhance the 

material properties and sensor design, enabling them to better withstand environmental stressors. 

Although temperature compensation has improved, the accuracy and reliability of low-cost air quality 

sensors remain contingent on addressing the effects of humidity (Zou et al., 2021). Future 

technological advancements and environmental compensation techniques are required to enhance the 

precision of these sensors under diverse climatic conditions. 

2.3.3 Wind Direction and Wind Speed  

The efficacy and accuracy of low-cost air quality sensors are significantly influenced by the wind 

direction and speed, which affect the concentration and dispersion of pollutants (Bisignano et al., 

2022). The path of pollutants is determined by the wind direction, which determines their origin and 

destination. Wind direction can direct pollutants into confined corridors in urban environments, where 

buildings and streets generate intricate airflows, resulting in the formation of local pollution hotspots 

(Y. Kim & Guldmann, 2011; B. Li et al., 2019; J. Yang et al., 2020). These concentrated flows may 

result in substantially higher levels of pollutants being recorded by low-cost sensors. In contrast, the 

potential for underestimating pollution levels can result from winds driving away from pollution 

sources, resulting in lower readings. This variability in wind direction poses a challenge for sensors 

to provide consistent data, because the local air quality can be abruptly altered by shifting winds.  

Similarly, the concentration of air pollutants is significantly influenced by the wind speed. Pollutants 

are dispersed over a larger area by high wind velocities, resulting in lower concentrations at any given 

location (Pérez et al., 2021). Conversely, pollutants accumulate in the atmosphere at moderate and 

low wind speeds, leading to elevated concentrations. This variability presents difficulties in 

documenting rapid air quality changes, particularly during fluctuating wind speeds, for low-cost air 

quality sensors (Castello et al., 2024). Sensors may encounter difficulties in interpreting short-term 

pollution surges owing to rapid fluctuations in pollutant levels precipitated by wind gusts or periods 

of relative calmness (Smith et al., 2017).   

The precise capture of air quality data under turbulent conditions depends on the placement of the 

sensor (Camprodon et al., 2019). The data may be distorted if the sensors are positioned too close to 

buildings, trees, or other obstructions because these structures can disrupt wind patterns and create 

sheltered zones where pollutants behave differently (Dziubenko & Tatarnikova, 2018). The 

placement of sensors in open areas with more consistent wind patterns is preferred to ensure that the 

readings are more representative. In urban environments, where the built environment and its 

morphology significantly affect the wind pattern, it is essential to position sensors to obtain reliable 

data strategically (Sousa et al., 2018). Furthermore, deploying numerous sensors at various locations 
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can assist in mitigating the variability in pollutant concentrations associated with local wind 

variations, thereby enhancing the overall understanding of air quality conditions and minimizing the 

effects of localized anomalies (L. H. Yang et al., 2022b).   

The reliability of low-cost sensor data can be further enhanced under varying wind conditions using 

advanced data-processing methods. For example, integrating sensor data with meteorological models 

or using real-time data assimilation techniques can assist in the adjustment of sensor readings 

according to wind direction and speed (Guo et al., 2024). These computational methods have been 

demonstrated to improve the precision of air quality monitoring by considering the intricate effects 

of wind on the pollutant distribution (Ferrer-Cid et al., 2022). These methods guarantee that the data 

collected by low-cost sensors more accurately reflect the actual air quality conditions in a specific 

area.   

In conclusion, the performance of low-cost air quality sensors is significantly influenced by the wind 

direction and speed, which are critical environmental factors that significantly affect air pollution 

levels. It is imperative to comprehend these dynamics to deploy sensors effectively, particularly in 

complex environments such as cities. The limitations imposed by wind can be mitigated by 

meticulously considering the sensor placement, regular calibration, and application of advanced data 

processing techniques. This enables low-cost sensors to generate reliable environmental monitoring 

data. 

4. Role of Different Ambient Environments (Urban 

Outdoors) 

Microclimates in urban areas show significant variations across space and time, posing challenges to 

the precision of affordable sensors. For example, the MeteoTracker sensor demonstrated fluctuations 

in temperature and humidity readings. However, the application of data-driven adjustments has 

enhanced its precision, rendering it a suitable choice for monitoring atmospheric conditions (Barbano 

et al., 2024). 

Vehicular emissions, industrial output, and residential heating are the primary sources of pollution in 

urban environments (Ibarra-Espinosa et al., 2020; Lin et al., 2020; Y. Wang et al., 2023). These 

environments are frequently distinguished by elevated concentrations of gases, including NO, and 

delicate particulate matter (PM2.5). PM composition in urban areas is intricate and often contains 

carbon, heavy metals, and organic compounds derived from combustion. Low-cost sensors deployed 

in urban areas must be sufficiently sensitive to detect rapid fluctuations in pollutant levels caused by 

changing traffic patterns or industrial operations because of the high concentrations of traffic and 

industrial activities. Nevertheless, these environments also present obstacles, such as "street canyon" 
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effects, which occur when buildings accumulate pollutants and establish localized pollution 

concentrations (Gong et al., 2015). Frequent calibration and sensor validation against reference-grade 

instruments are necessary to guarantee accurate data because of the high variability in contaminant 

concentrations in these microenvironments (Okafor et al., 2020).  

 Low-cost sensors encounter distinct obstacles in rural settings (Giordano et al., 2021a). In some 

regions, pollution levels are typically low, and sources of particulate matter may include biomass 

combustion, agricultural activities, and natural dust. In rural areas, PM may consist of large 

particulates (PM10) derived from soil dust or organic matter (J. Yang et al., 2020). In these 

environments, low-cost sensors may encounter sensitivity issues owing to the difficulty in detecting 

low pollutant concentrations. Sensors may need to be recalibrated to account for these changes, as 

high humidity can cause particulates to absorb water, resulting in overestimation of PM 

concentrations.  

 In industrial settings, low-cost sensors are subjected to elevated concentrations of specific pollutants 

such as sulfur dioxide (SO ), nitrogen oxides (NOx), and heavy metals. The particulate composition 

in these regions is generally more hazardous and consists of metallic particles, smoke, and industrial 

byproducts (Norizan et al., 2022).The sensitivity of low-cost sensors can be overpowered by extreme 

pollutant levels, resulting in sensor saturation and degradation over time (Rai et al., 2017). The 

presence of a complex mixture of pollutants in industrial areas presents a challenge. Cross-sensitivity 

is a common issue with low-cost sensors because the presence of one pollutant can interfere with the 

detection of another, thereby reducing the overall measurement accuracy (Hossein Motlagh et al., 

2020). This can be mitigated by employing multipollutant sensor arrays to enhance data reliability by 

distinguishing between pollutants (Thorson et al., 2019). Nevertheless, the severe environmental 

conditions in industrial zones necessitate regular maintenance and recalibration.   

5. Particulate composition   

Particulate matter Definition: Suspended in the atmosphere, particulate matter (PM) consists of a 

diverse blend of solid and liquid particles that vary in size, form, and chemical composition. As a 

major air contaminant, PM poses a significant risk to both human and environmental health. These 

particles can be generated from various sources, including naturally occurring particles and those 

resulting from human activity. Examples of PM origins include industrial operations, automobile 

emissions, building projects, and the combustion of organic materials (M. U. Ali et al., 2019)(L. 

Zhang et al., 2021)(Daellenbach et al., 2020)(Zhu et al., 2018). 
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The health effects of particulate matter are significantly influenced by its dimensions. Particles are 

typically classified according to their aerodynamic diameter, with PM10 denoting particles 10 µm or 

smaller in diameter and PM2.5, indicating fine particles with diameters of 2.5 micrometers or less. 

These finer particles can infiltrate deep within the respiratory tract, potentially causing a range of 

health problems, including respiratory and cardiovascular disorders, and in some cases, early 

mortality (K. H. Kim et al., 2015)(Y. Yang et al., 2019)(Bell et al., 2013)(Mukherjee & Agrawal, 

2017). 

Particulate matter (PM) composition is critical for understanding air pollution dynamics and the 

efficacy of air quality sensors, particularly inexpensive sensors. Particulate matter is a complex 

mixture of liquid droplets and solid particles suspended in the air. The size, composition, and origin 

of this mixture are highly heterogeneous (M. U. Ali et al., 2019). PM composition is influenced by 

the surrounding environment and sources of emissions, including anthropogenic sources such as 

industrial processes, biomass burning, vehicular traffic, and natural sources such as marine salt, 

volcanic eruptions, sea, and dust (Mukherjee & Agrawal, 2017).   

Vehicular emissions, industrial activities, and construction dust are primary sources of particulate 

matter in urban environments. The combustion processes of vehicles, power plants, and factories 

generate fine particles (PM2.5) in urban zones  (Zhu et al., 2018). These particles are particularly 

hazardous because of their capacity to penetrate the lungs and enter the circulation, as they are 

composed of black carbon (soot), metals, polycyclic aromatic hydrocarbons (PAHs), and organic 

compounds (Q. Zhang et al., 2007). Secondary pollutants, including sulfates and nitrates, are formed 

in the atmosphere through chemical reactions and contribute to the complexity of urban air pollution 

(Zhu et al., 2018). Consequently, these agents also influence PM composition in cities. Low-cost 

sensors may be unable to accurately measure pollution levels because of the varied composition of 

urban PM, which may not effectively differentiate between various chemical species.   

The composition of particulate matter is typically distinct in rural and agricultural regions is typically 

distinct. In these regions, PM10, or coarse particulate matter, is more prevalent and frequently results 

from farming activities such as tillage and fertilizer application, pollen, and soil dust (Jandaļka & 

ńurļansk§, 2014) (Bilal et al., 2019). The organic fraction of PM can also be influenced by the 

biogenic particles emitted from plants in rural areas. In regions where biomass burning is prevalent, 

such as agricultural burning or wildfires, particulate matter is composed of carbonaceous aerosols, 

including black carbon and organic carbon, which can have adverse health and environmental effects 

(Singh et al., 2020) (Yao et al., 2016). ôs chemical composition and size distribution of rural PMare 

influenced by the long-range and local transport of pollutants. Particles from adjacent agricultural 

activities are intermixed with pollution from distant sources (Chen et al., 2011). Monitoring rural 
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environments is a complex endeavor because of the variability in PM composition, and low-cost 

sensors may not be sufficiently sensitive to these particles.   

Another unique profile of particulate matter in an industrial environment was presented. PM is 

frequently composed of heavy metals, volatile organic compounds (VOCs), and other industrial 

byproducts in industrial zones, which can be highly toxic (Maring et al., 2023) (Barabad et al., 2018). 

For instance, PM from metallurgical processes may contain iron, lead, and zinc, whereas emissions 

from chemical industries may contain diverse organic and inorganic compounds. These particles are 

frequently more hazardous than typical urban or rural particulates because of their chemical 

composition, and can be emitted as both fine and coarse PM, depending on the process (Ding et al., 

2024). The cross-sensitivity of sensors to various pollutants frequently presents a challenge when 

deploying low-cost sensors in these regions, because they must be capable of detecting a wide range 

of particulate types (Giordano et al., 2021b). Additionally, the monitoring process may be further 

complicated because industrial particles may exhibit substantial variations in size and composition, 

based on their proximity to the emission source.   

The health effects and behavior of particles in the atmosphere are directly influenced by the chemical 

and physical properties of PM, including its size, shape, and composition. The capacity of low-cost 

sensors to provide detailed compositional information is frequently restricted because they 

concentrate on the bulk concentration of particles. Consequently, to comprehensively understand 

particulate composition in various environments, employing more sophisticated surveillance systems 

or collaborating with reference instruments is often necessary (Viana et al., 2008)(Kelly & Fussell, 

2012). 

6. Effects of Particle Size  

Particulate matter (PM) is one of the most critical factors affecting the performance of air quality 

sensors, particularly low-cost ones. Their size significantly influences the behavior, health effects, 

and detectability of particles in the air. The most prevalent categories of particulate matter are PM10 

(particles with diameters of 10 µm or smaller) and PM2.5 (particles with diameters of 2.5 micrometers 

or smaller) (Kuula et al., 2019).   

Mechanical processes such as construction, road pollution, and agricultural activities are the primary 

sources of larger particles, including lower fractions of PM (PM2.5 and PM 1) (Khan et al., 2021). 

Although they have the potential to irritate the respiratory system, they are less likely to penetrate the 

alveoli deeply because of their confinement in the nose, throat, and upper airway. Nevertheless, larger 

particle sizes and varying densities of PM10 frequently present challenges for low-cost sensors 
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designed to detect and accurately measure their concentrations. Environmental factors such as wind 

speed and direction can also influence the behavior of PM10 (Hagan & Kroll, 2020).  

In contrast, PM2.5 and PM1 are primarily produced through combustion sources, including biomass 

burning, industrial processes, and vehicle emissions (Luo et al., 2024)(Z. Li et al., 2024). The primary 

objective of air quality monitoring systems is to detect PM2.5 and PM10, although the instruments are 

now being designed to measure particle sizes (the best possible size yet to be monitored is in the range 

of 0.3-0.5 micrometer). Furthermore, environmental factors such as humidity can result in the 

absorption of moisture by PM10, which increases the particle size and results in an overestimation of 

the pollution level (Han et al., 2019) (Xu et al., 2019). Sophisticated sensors use algorithms to mitigate 

these effects. However, low-cost sensors may not possess these capabilities, resulting in less precise 

data.   

In summary, the precision of air quality measurements is significantly affected by particle size. 

Although low-cost sensors have simplified the process of monitoring air pollution, their capacity to 

distinguish between PM10, PM2.5, and ultrafine particles is limited (Molina Rueda et al., 

2023)(Gramsch et al., 2021). To increase the accuracy of these sensors, it is necessary to compare 

them with reference-grade instruments and implement advancements in sensor technology, such as 

creating algorithms that consider environmental variables, such as humidity. 

7. Challenges with Field Deployment (Collocation with 

Reference grade instruments) and Data Evaluation   

Low-cost air quality sensors encounter numerous challenges during field deployment and data 

interpretation, potentially compromising their efficacy and reliability. Despite their cost-effectiveness 

and ease of implementation, these sensors must overcome various technological and operational 

obstacles to acquire accurate, reliable, and substantive air quality data (Bush et al., 2021). 

Calibration is one of the most prominent issues in field deployment. Low-cost sensors are less 

accurate than reference-grade devices and can be affected by the temperature, humidity, and air 

pressure. In various contexts, low-cost sensors can produce skewed or erroneous data without in-situ 

calibration (Delaine et al., 2019). The low-cost sensors were calibrated with reference-grade devices 

to ensure that the sensor readings met the requirements.  

The heterogeneity of low-cost sensor data is another issue. These sensors are commonly placed in 

networks to cover broad areas; therefore, the sensor performance can generate data discrepancies. 

Data from disparate sites might be challenging to aggregate and analyze because of sensor models, 

calibration methods, and ambient variables (Nevat et al., 2015). A sensor in an urban environment 



26 
 

may register significantly different pollution levels than those in a rural area owing to differences in 

pollution, sensor sensitivity, and response to environmental factors (Song et al., 2024).  

Data transmission and storage complicate the low-cost sensor deployment. Some sensors use wireless 

or cellular networks to relay data in real-time, which is difficult in locations with poor connectivity. 

Data transmission delays or losses complicate real-time air quality monitoring (Ferrer-Cid et al., 

2024)(Allka et al., 2024). Sensor networks generate significant amounts of data that require robust 

storage and management. Sensors create vast amounts of data at high temporal resolutions, making 

data management resource-intensive. Cloud storage or complex data-handling systems are required 

to store, access, and analyze data (H. Yang et al., 2021).   

Low-cost sensors and reference devices are typically used in field validation to compare data. 

However, sensor precision and sensitivity variances may cause inconsistencies, making it difficult to 

correct them without conventional sensor validation processes(Zheng et al., 2018). Field validation 

is laborious and expensive in resource-constrained places, which restricts sensor network expansion 

(Nalakurthi et al., 2024a).   

The field deployment involves sensor maintenance and durability. Owing to their fragility, low-cost 

sensors may degrade faster under adverse environmental conditions such as pollution, humidity, and 

extreme temperatures. Cleaning and recalibration are required to maintain the performance. 

Maintaining sensor networks can be problematic in remote or underserved areas, resulting in data 

gaps and shorter sensor life spans.   

In conclusion, low-cost air quality sensors can improve air quality monitoring networks; however, 

they must be deployed and evaluated correctly. Specific difficulties include calibration, 

environmental sensitivity, data heterogeneity, transmission, validation, and maintenance. These 

difficulties require advances in sensor technology, uniform calibration and verification processes, and 

data management system enhancement. 

8. Contribution to the field   

As mentioned, in this chapter, the discipline of environmental monitoring has been significantly 

impacted by low-cost air quality sensors, which have revolutionized the measurement and 

comprehension of air pollution. Many constraints associated with conventional air quality monitoring 

methods, such as cost, accessibility, and spatial resolution, have been resolved by using these sensors 

(Nazli et al., 2024). Consequently, they have expanded the scope of air quality research, enhancing 

public awareness of air quality issues, democratizing data collection, and facilitating granular 

monitoring (Diez et al., 2024).   
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The affordability and portability of low-cost sensors have facilitated their widespread use in 

community-driven air-quality monitoring initiatives and citizen science. Low-cost sensors have 

enabled citizens to engage more actively in environmental health advocacy by simplifying the 

monitoring of air quality for individuals and communities (Oyola et al., 2022). These initiatives have 

increased public awareness of air quality issues and provided valuable data that can be used to 

supplement official monitoring networks (Castell et al., 2017a). For instance, citizen science 

initiatives such as the "PurpleAir" network and other grassroots projects have generated extensive, 

publicly accessible air quality datasets that can be used to inform local policy decisions and provide 

residents with real-time pollution information (Heintzelman et al., 2023). By democratizing air 

quality data collection, the gap between the public's demand for more immediate and localized 

information and traditional regulatory monitoring has been bridged.   

Furthermore, research on exposure assessment is significantly influenced by the use of low-cost 

sensors. These sensors enable the real-time measurement of individual exposure to air pollutants by 

integration into personal monitoring devices or mobile platforms (M. V. Narayana et al., 2022). This 

is a significant improvement over conventional monitoring methods, which depend on fixed stations 

that cannot capture the fluctuations in personal exposure resulting from daily activities, such as 

commuting, working, or exercising outdoors (Aubourg et al., 2023). The capacity to monitor 

individual exposure has been instrumental in epidemiological studies, which have established a 

correlation between pollution levels and specific health outcomes, thereby providing new insights 

into the impact of air pollution on individual health. These developments have enhanced our 

understanding of the health hazards associated with air pollution and facilitated the development of 

more precise public health interventions (Thakur et al., 2024).   

Additionally, the capacity to monitor pollution in developing regions or areas with restricted 

resources has been improved by using low-cost sensors. In low-income countries, traditional air 

quality monitoring infrastructure is frequently absent, even though pollution may be severe and 

resources for addressing it are scarce. Low-cost sensors have expanded monitoring initiatives in 

previously underserved regions by providing a more affordable alternative to reference-grade 

instruments (Wu et al., 2020). This has resulted in more comprehensive air quality data on a global 

scale and has provided policymakers and health officials in developing countries with essential 

information to address air pollution more effectively. In addition, the availability of low-cost sensors 

has facilitated the development of rapid response systems and investigation of short-term 

contamination events. Owing to their limited number, traditional monitoring stations frequently fail 

to capture transient pollution spikes such as those induced by wildfires, dust storms, or traffic surges. 
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Conversely, low-cost sensor networks can be deployed rapidly in large quantities to monitor these 

events in real-time (S. Wang & Zhang, 2024).  

Despite these contributions, it is crucial to recognize that low-cost sensors are not a substitute for 

reference-grade instruments but rather as supplementary aids (Sakaļ & Bosilj, 2024). Data from low-

cost sensors frequently require validation and calibration against high-precision instruments to 

guarantee reliability because of their susceptibility to environmental factors and lower accuracy. 

Nevertheless, their contributions to expanding air quality monitoring networks, enhancing public 

engagement, and providing real-time, localized data are invaluable for scientific research and policy 

making.    
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Chapter 3  
3. Data and Methods 

 

3.1 Smart Citizen Kit: An Accessible and Versatile 

Environmental Monitoring Tool  

The Smart Citizen Kit (a low-cost sensor) is designed for accessibility, ease of use, and reliability, 

making it ideal for individuals, communities, and researchers in environmental monitoring and 

urban data collection. This significant advancement in citizen science offers a compact and versatile 

solution that integrates sensors to measure air quality, temperature, humidity, light, and sound levels 

for both indoor and outdoor uses. It features low power consumption for long-term battery operation, 

Wi-Fi connectivity for real-time data transmission to the Smart Citizen platform, and an open-source 

design for community-driven improvements and customization. The user-friendly interface 

simplifies the setup and data visualization, whereas its durable, weather-resistant construction 

ensures outdoor reliability. Expandability with additional sensor boards and options for solar power 

enables autonomous operation, while data encryption ensures privacy and security. As this 

technology continues to evolve and be adopted more widely, it has the potential to revolutionize 

citizen science, foster community engagement in environmental issues, and provide crucial data for 

informed decision making in urban planning and environmental management. Additional 

information regarding SCK can be obtained from the following web address: 

(https://smartcitizen.me/) 

 

3.1.1 Smart Citizen Kits Manufacturing and Assembling 

The SCKs (Figure 3.1) used in this study were manufactured and assembled using a combination of 

automated processes and manual quality checks to ensure a high reliability and performance. For an 

efficient design, the first and foremost element is the selection of appropriate and well-suited 

electrical components. These components were manufactured using standard techniques such as 

surface mount technology (SMT), which is essential for achieving compact and efficient circuit 

boards. These boards can measure different meteorological and air pollutant variables, namely air 

temperature, relative humidity, volatile organic compounds VOCs, CO2, NO2, O3, particulate matter 

in the form of PM1, PM2.5, PM10, and particle number counts in size bins with lower cut-off 

diameters (aerodynamic diameters of 0.3, 0.5, 1, 2.5, 5, and 10 ɛm). These sensors were assembled 

on a circuit board at Fab Lab Barcelona, which supervised the quality control, module integration, 
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and functional testing. The modular design of SCK allows for flexibility in sensor selection, making 

it adaptable to different monitoring needs. Each component, such as the Data Board (Figure 3.2 & 

3.3) and specific sensor modules, was carefully tested for compatibility and performance to ensure 

that the entire system functioned seamlessly once assembled. A key feature of the SCK assembly 

process is its scalability. The manufacturing process is designed so that even larger quantities of kits 

can be produced efficiently without compromising quality. Quality assurance is a significant part of 

manufacturing and assembly processes, with each unit undergoing rigorous checks to confirm that 

it meets the specifications for environmental sensing applications. The focus is not only on 

producing accurate and reliable sensors but also on maintaining a system that is easy to assemble, 

use, and track. This modular nature allows users to replace or upgrade individual sensors without 

requiring sophisticated technical skills, which is advantageous for educational purposes and for 

community-driven projects. The assembly also considers ease of deployment and power 

management. As part of the design philosophy, boards are organized to simplify the wiring and 

connection requirements, making the setup user friendly. This facilitates deployment by non-experts 

and ensures that maintenance, whether related to the power supply, connectivity, or sensor 

replacement, can be performed without specialized tools. The manufacturing team is committed to 

providing a robust product that is straightforward to deploy and maintain, which is critical for 

participatory scientific initiatives. The components used to manufacture the Smart Citizen Kit were 

sourced from reliable suppliers to ensure their durability and compatibility. The emphasis on open-

source hardware allows transparency in the manufacturing process, enabling researchers and 

developers to understand and replicate the design if necessary. This transparency is also intended to 

facilitate innovation; developers can enhance or customize kits for their specific requirements, 

fostering an ecosystem of collaborative learning and development. The assembly process at Fab Lab 

Barcelona incorporated multiple stages of testing, ensuring that each unit met the quality standards 

appropriate for environmental monitoring. This design approach not only supports scalability in 

production but also ensures that the kit can be effectively utilized in diverse environments by a wide 

range of users, from citizen scientists to academic researchers. Additional information can be found 

at the following link (https://docs.smartcitizen.me/Smart%20 Citizen%20Kit/). 



31 
 

Figure 3.1: Smart Citizen Kit  

Figure 3.2: Data Board SCK version 2.1 (Front and Back View) 
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Figure 3.3: Component Areas of SCK version 2.1 (Data Board on the left side and Urban 

Sensor Board on the right side) 

3.1.2 Sensors Specifications and Measurement Ranges 

As mentioned in the previous section, SCK integrates multiple sensors to capture various 

environmental parameters. Table 3.1 presents the full list of sensors mounted on the version utilized 

in this work, together with the measuring range and declared accuracy. The air temperature sensor 

exhibits an operational range of -40°C to 125°C with an accuracy of ±0.2°C, while the relative 

humidity sensor measures from 0% to 100% relative humidity, maintaining an accuracy of ±2%. 

The particulate matter sensor's effective range encompasses 0 to 500 µg/m³, with a precision of ±10 

Õg/mį, whereas particle counting efficiency is 50% at 0.3ɛm and 98% at Ó0.5ɛm. Furthermore, the 

carbon dioxide (CO2) sensor can detect concentrations ranging from 0 to 40000 ppm with an 

accuracy of ±30 ppm. For NO2 and O3, the range extends from 0-20ppm. Volatile organic compound 

(VOCs) sensors detect a wide range of compounds typically present in polluted air, with sensitivity 

thresholds (0-29206ppb) that facilitate the detection of subtle variations in VOCs concentrations. 

For atmospheric pressure, the barometric sensor records from 20kPa to 110kPa, offering a precision 

suitable for elucidating the influence of weather on air quality. These sensors collectively offer a 

detailed representation of the urban air quality, making them an effective tool for citizen science 

and academic research. This modularity allows for sensor upgrades based on specific study 

requirements, supporting the measurement of both primary air pollutants and other relevant 

environmental metrics. The calibration and accuracy of each sensor are crucial for ensuring that the 
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collected data are reliable, actionable, and appropriate for informing urban planning and public 

health interventions. 

 

Table 3.1: Smart Citizen Kits Parameters - Accuracy and Uncertainty Ranges 

Parameter Unit  Sensor Range Accuracy/Uncertainty 

Air 

Temperature 
°C 

Sensiron 

SHT31 

-40 +125°C ±0.2°C 

Relative 

Humidity  
%rh 0-100 % rh ± 2% RH 

Noise Level 
dBA 

Invensense 

ICS43432 
High 65 dBA SNR 

±1 dB Sensitivity 

Tolerance 

Ambient Light  
lx 

Rohm 

BH1721FVC 
1-65528 lx 1.02-1.38 

Barometric 

Pressure 
kPa 

NXP 

MOL3115A2 

20 kPa to 110 kPa 

absolute pressure 
±0.4 absolute accuracy 

Equivalent 

Carbon Dioxide 
ppm 

AMS 

CCS811 

400-32768 ppm N/A 

Volatile Organic 

Compounds 
ppb 0-29206 ppb N/A 

Particulate 

Matter (PM 1, 

2.5, 10) 

ug/m3 
Plantower 

PMS 5003 

Particle Effective 

Range : 0-500 ɛg/mį 
0.3-10 ɛm 

CO2 Sensors ug/m3 

Sensirion 

SCD30 

0-40000 ppm ± (30 ppm, + 3%) 

Air 

Temperature 

SCD30 

°C 0 ï 50°C ± 0.4°C 

Relative 

Humidity  

SCD30 

%rh 0-100 % rh ± 3 %RH 
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3.2 Data Collection from Experimental Field Campaigns 

This section provides an overview of all experimental campaigns conducted within the broader 

framework of this study. The research pursued two distinct but complementary objectives: (i) 

collocation campaigns, aimed at assessing the performance of Smart Citizen Kits (SCKs) by 

deploying them alongside reference-grade instruments in controlled conditions in Reggio Emilia and 

Bologna, and (ii) application campaigns, which focused on using the SCKs for real-world monitoring 

of urban air pollution in Bologna to capture spatial and temporal variability of pollutants. These 

campaigns were conducted during both winter and summer periods, enabling evaluation of sensor 

behavior under diverse meteorological conditions and deployment configurations. The subsequent 

two sections provide a comprehensive overview of the study areas, the instruments employed, and 

the configuration of the campaigns. 

3.2.1 Reggio Emilia Campaign: Collocation with Reference 

Instruments 

Study Area: The Via Giovanni Amendola, 2, 42122, ARPAE Reggio Emilia Station, Italy, was 

selected as the primary deployment site for the low-cost sensor network, where twelve SCKs were 

co-located with a reference instrument, the Fine Dust Aerosol Spectrometer (FIDAS), for 

approximately two months (24th May- 18th July 2023) (Figure 3.4). This site provides an optimal 

environment for evaluating the performance and accuracy of low-cost sensors for measuring 

particulate matter (PM) concentrations over an extended period. The collocation with FIDAS, a 

high-precision reference instrument renowned for its real-time, high-resolution measurement of 

particle size distribution and PM fractions (for example, PM1, PM2.5, and PM10) facilitated direct 

and continuous comparison of the data generated by low-cost sensors. 

During the two-month deployment, the concurrent operation of both the low-cost sensors and the 

FIDAS enabled the collection of a substantial dataset, providing valuable insights into sensor 

performance under various environmental and meteorological conditions. This extended timeframe 

ensured that the sensors were exposed to a range of pollution events and variations, including 

potential seasonal shifts, diurnal traffic patterns, and meteorological changes. By comparing the 

outputs of low-cost sensors to high-fidelity data from the FIDAS, researchers can accurately assess 

the sensorôs sensitivity, response times, and overall accuracy in detecting and quantifying particulate 

matter concentrations in an urban setting. 

The strategic deployment at ARPAE Reggio Emilia, a regional environmental agency, also provides 

the additional benefit of integrating these data into ongoing air quality monitoring efforts, further 
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enhancing the robustness and reliability of the comparative analysis. The results of this study are 

crucial for validating the practical utility of low-cost sensors in real-world air quality monitoring 

campaigns, particularly when aiming to expand monitoring coverage in urban areas where dense 

networks of reference-grade instruments may not be feasible. 

Figure 3.4: Arpae Reggio Emilia (Territorial Headquarter and Monitoring site) 

 

Instrument  (FIDAS): For this campaign FIDAS (fine dust analysis system) was used which is a 

sophisticated real-time air quality monitoring device that uses light scattering to quantify particulate 

matter (PM) across different size fractions, including PM1, PM2.5, PM10, and total particle 

concentrations. The FIDAS system utilises a single particle light scattering approach with 

polychromatic light, facilitating highly accurate measurements of airborne particles ranging from 

0.18 µm to 18 µm. The detection of light scattering as particles traverse the laser beam enables the 

instrument to ascertain the size and quantity of particles in real time.  The Palas Fidas 200 Particulate 

Matter Analyser is an EN 16450-approved fine dust measurement device for the simultaneous 

measurement of PM2.5 and PM10. This means that the instrument is the only optical ambient air quality 

measurement system for online and simultaneous PM2.5 and PM10 measurements of single particles 

(counting measurement method). For this reason, this method is the one employed by the ARPAE 

Environmental Protection Agency for the cross-comparison campaign conducted in Reggio Emilia. 

A principal characteristic of the FIDAS system is its use of white light and a 90° light-scattering 
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detection angle, which guarantees a distinct calibration curve throughout the entire particle-size 

spectrum, encompassing the complex Mie scattering range. This guarantees elevated precision, even 

when assessing minute particles. The system incorporates T-aperture technology, which reduces 

border-zone errors and guarantees that measurements remain unaffected by particles situated near the 

periphery of the detection zone. Furthermore, the FIDAS has an automatic coincidence detection and 

correction mechanism that guarantees precise particle counts even at elevated concentrations by 

compensating for the potential occurrence of multiple particles entering the detection container 

concurrently.   

FIDAS devices are engineered for ongoing functionality that requires minimal maintenance. The 

device incorporates an Intelligent Aerosol Drying device (IADS) to mitigate humidity effects, 

guaranteeing the precise measurement of particles without interference from water vapour. The 

system was contained within a durable IP-65 weatherproof casing, rendering it appropriate for air 

quality monitoring in both indoor and outdoor settings even under severe environmental conditions. 

In contexts such as the one of Reggio Emilia, the FIDAS can deliver comprehensive, real-time air 

quality data essential for urban air pollution research, regulatory oversight, and public health 

evaluations. FIDAS provides a detailed analysis of particle pollution owing to its high resolution and 

capability to measure several size fractions concurrently, facilitating the identification of pollution 

sources and their possible health implications.    

Campaign: The deployment of 13 Smart Citizen Kits (SCKs) at the ARPAE station in Reggio 

Emilia, Italy, from May 24th to July 18, 2023, marked a significant step in evaluating the efficacy of 

low-cost air quality monitoring devices under real-world conditions (Figure 3.5). This eight-week 

campaign aimed to assess the performance of SCKs in an outdoor setting, providing valuable insights 

into their reliability and accuracy when exposed to various environmental factors. By comparing the 

data collected from these SCKs with measurements from ARPAE's reference-grade instruments, we 

sought to determine the potential of these more affordable and accessible devices to complement or 

supplement traditional air quality monitoring networks.  The comparison between SCKs and 

reference instruments (FIDAS) is crucial for assessing the accuracy and consistency of low-cost 

sensors. This evaluation process likely involved analyzing various air quality parameters, such as 

particulate matter (PM2.5 and PM10), particle number counts (aerodynamic diameter of 0.3, 0.5, 1, 2.5, 

5, and 10 ɛm), and other meteorological parameters of interest. The extended duration of the 

campaign allowed for the collection of a comprehensive dataset across different weather conditions 

and pollution levels, enabling a thorough assessment of long-term stability and sensitivity to 

environmental changes.  
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Figure 3.5: Deployment of Smart Citizen Kits (SCKs) on the roof of ARPAE Reggio Emilia 

Italy monitoring station for intra -sensors comparison and validation in the outdoor 

environment 

 

3.2.2 Bologna Campaign: Application to Air Pollution 

Monitoring  

Study Areas:  

1st Location: Department of Physics and Astronomy "Augusto Righi" via Irnerio, 

University of Bologna, Italy   

The primary experimental setup for the performance evaluation in indoor and outdoor environments 

was established at the Department of Physics and Astronomy, "Augusto Righi, "DIFA, Bologna, Italy 

(Figure 3.6). The frontal courtyard of the department presents the ideal tree cover and green spaces, 

an ideal place to deploy sensors to check the role of green space in reducing the PM burden.  

Additionally, proximity to department facilities enables easy access for researchers to monitor and 

maintain sensor equipment, ensuring consistent and reliable data collection.    
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Figure 3.6: Department of Physics óAugusto Righiô, Via Irnerio 46, Bologna, Italy 

 

2nd Location: Department of Physics, viale Carlo Berti Pichat, University of 

Bologna Italy  

The Department of Physics at Viale Carlo Berti Pichat, University of Bologna, Italy, was 

specifically selected as a monitoring site for the Smart Citizen Kits performances (Winter and 

Summer Campaigns) due to its location along a roadside with minimal to no tree canopy (Figure 

3.7). This characteristic makes the site particularly advantageous for assessing urban air quality as 

it reduces the potential interference of vegetation in altering pollutant dispersion and deposition 

patterns. The absence of a significant tree canopy ensures that the particulate matter (PM) and 

gaseous pollutants emitted by traffic are not obstructed or diluted by foliage, thus providing a more 

direct measurement of vehicular emissions and their impact on ambient air quality. Based on our 

campaign objectives, this site offers an ideal environment for testing the performance of low-cost 

sensors under conditions where pollution sources are largely unmitigated by natural barriers. 

Roadside locations experience substantial traffic flow, leading to higher concentrations of traffic-

related pollutants such as PM2.5, PM10, nitrogen dioxide (NO ), and other vehicular emissions. By 
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placing sensors in such an environment, this study aimed to evaluate their ability to capture real-

time pollution variations in an urban setting without the confounding effects of tree canopies, which 

can significantly influence pollutant concentrations through filtration, deposition, and shading. 

Moreover, the minimal presence of vegetation allows for a more straightforward comparison 

between low-cost sensors and reference-grade instruments, because the site conditions remain 

consistent and predictable and are primarily dominated by vehicular emissions. Thus, the Viale 

Carlo Berti Pichat is a critical location for validating the accuracy, sensitivity, and reliability of low-

cost air quality sensors in measuring pollutant levels in highly trafficked urban environments. 

Figure 3.7: Department of Physics, Viale Carlo Berti Pichat, Bologna, Italy 

 

Instruments (Gravimetric Method and BAM) :  

Gravimetric Method : The gravimetric method is a highly reliable technique for measuring 

particulate matter (PM) concentrations and is recognized as the reference method by regulatory bodies 

such as the US EPA and EU regulatory agencies. This method was utilized by the ARPAE Regional 

Environmental Protection Agency to measure PM10 and PM2.5 daily average mass concentrations 

during the winter and summer experimental campaigns conducted in Bologna in the site of viale Carlo 

Berti Pichat. This method involves collecting particulate matter on a filter paper, and the particle mass 

is determined by the differential weight of the filter paper before and after sampling, after 

conditioning of the filter under controlled temperature and humidity conditions, an operation which 

ensures the removal of the water sampled together with the hygroscopic particles. Air is drawn 

through the filter at a controlled flow rate, and size-selective inlets ensure that particles of the desired 

size fraction (e.g., PM10 and PM2.5) are captured. The filter papers are preconditioned to remove 
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moisture and weighed using a microbalance before sampling. Following the sampling period, the 

filter papers are reconditioned and reweighed, with the difference in mass representing the mass 

concentration of sampled particulate matter (PM). The PM concentration is then calculated by 

dividing the mass by the volume of air sampled. The gravimetric method is valued for its accuracy 

and is frequently used as a reference standard for validating automated and continuous monitoring 

methods. It is particularly useful in studies requiring precise data and chemical analyses of PM 

composition to facilitate source identification. Despite these advantages, this method is labor-

intensive and does not provide real-time data, owing to the necessity of manual filter handling and 

analysis. Typically, sampling is conducted over 24-hour periods, limiting the temporal resolution 

compared to automated systems that provide hourly or minute-by-minute data. Although the manual 

nature of the gravimetric method and delayed results can be limitations, they remain indispensable in 

regulatory air quality assessments and scientific research. Its precision and capacity to capture 

detailed particulate data ensures its continued significance in air pollution monitoring, particularly 

for cross-validating low-cost sensors and other real-time instruments. 

BAM (Beta Attenuation Method): The Beta Attenuation Method (BAM) is a prevalent approach 

for continuously measuring particulate matter (PM) concentrations in the ambient air. This method 

was utilized by the ARPAE Regional Environmental Protection Agency to measure PM10 and PM2.5 

daily average concentrations collected during the winter and summer experimental campaigns in 

Bologna in the site of via Irnerio. This method is based on the principle of beta radiation attenuation, 

wherein beta particles are emitted from a radioactive source, typically carbon-14, traversing clean 

filter tape. Particulate matter is collected on tape as the air passed through the filter. The attenuation 

of beta particles traversing the PM-laden filter is directly proportional to the quantity of particulate 

matter accumulated on the filter. BAM is an automated, real-time monitoring system capable of 

providing near-continuous particulate matter data frequently on an hourly basis. The procedure 

commenced with a pristine segment of filter tape subjected to atmospheric exposure at the sampling 

inlet. Following a designated interval, the mass of the collected particulate matter was quantified by 

assessing the attenuation of the beta radiation relative to its initial intensity. The device determines 

the PM concentration by correlating the decrease in beta radiation with the mass of particles 

accumulated on the filter tape and volume of air sampled. A primary feature of the BAM is its capacity 

for continuous operation with minimal operator intervention, rendering it suitable for regulatory air 

quality monitoring networks. It is less labor-intensive than gravimetric approaches and offers real-

time data, facilitating the prompt evaluation of air quality conditions. BAM is frequently employed 

in national air quality monitoring networks to detect PM10 and PM2.5, and is susceptible to ambient 

factors, particularly humidity, which can influence measurements by modifying the physical 
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properties of particulate matter. Many BAM devices incorporate features to regulate the humidity 

levels within the system. Notwithstanding these limitations, this approach is recognized for its 

stability and capacity to provide long-term continuous air quality data, rendering it an indispensable 

instrument for air pollution monitoring. 

Winter and Summer Campaigns setup 

From February 7 to March 9, 2023, the SCKs were deployed in two proximate but distinct locations: 

the Department of Physics and Astronomy 'Augusto Righi' via Irnerio and Viale Berti Pichat (Figure 

3.8), in collaboration with ARPAE (Emilia Romagna Environmental Protection Agency) (Figure 3.9 

& 3.10). The primary objective of this campaign was to evaluate and classify the microclimate and 

air quality in two areas with varying morphology, vegetation cover, and orientation relative to solar 

path and wind velocity. The aim was to comprehend the ventilation patterns of the two areas and to 

validate potential improvement solutions. In this context, an initial (partially qualitative) verification 

of the SCK measurements against a reference was conducted, despite the different measuring 

techniques employed. Subsequently, the behavior of PM concentrations at the two sites was 

examined, detailing their evolution at different elevations and locations. Given the significance of 

traffic as a contributor to air pollution in Bologna, it was deemed appropriate to integrate 

measurements at the two sites with traffic  fluxes  from the Comune di Bologna portal 

(https://www.comune.bologna.it/dati) t. The Summer Campaign was conducted from July 27 to 

August 29, 2023, with the same objective as that described for the winter campaign. 

Figure 3.8: Overview of experimental design locations for winter and summer campaigns in 

Bologna, Italy. The highlighted areas indicate the measurement sites at "DIFA, Augusto Righi" 

(Via Irnerio 46), and Viale Carlo Berti Pichat 6/2. 

https://www.comune.bologna.it/dati


42 
 

The comprehensive approach of this study facilitated a thorough investigation of urban air quality 

dynamics at different temporal and spatial scales. By conducting campaigns in both the winter and 

summer seasons, we assessed the seasonal influences on pollutant concentrations, potentially 

identifying variations due to factors such as temperature, humidity, and differing atmospheric 

conditions. The inclusion of measurements at varying altitudes provides insights into the vertical 

distribution of pollutants, which is crucial for understanding pollution dispersion patterns and 

potential exposure risks at different levels within the urban environment. Furthermore, by examining 

pollutant concentrations in different urban settings, this part of the study aimed to elucidate the 

complex interplay between urban infrastructure, traffic patterns, and air quality, thereby offering 

valuable information for urban planning and pollution mitigation strategies. 

 

Figure 3.9:  Details of 1st Locaiton (Department of Physics and Astronomy, Via Irnerio) used 

for the experiment. Two locations, I1 (front yard, 3 m height) and I2 (rooftop, 19 m height), 

are highlighted. The setup included Smart Citizen Kits (SCK), meteorological stations, a 

ceilometer, optical particle counters (OPC), and an ARPAE van for reference measurements. 
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Figure 3.10: Details of 2nd Location (Department of Physics and Astronomy, Via Berti Pichat) 

used for the experiment. Five locations are highlighted: BP1 (roadside parking, 3m), BP2 

(Geophysics building balcony, 6m height), BP3 (department rooftop, 12m), and BP4 & BP5 

(balconies on the 1st and 2nd floors, 4m & 7m). The setup includes Smart Citizen Kits (SCK), 

meteorological stations, and traffic spire indicators for monitoring the air quality and 

meteorological parameters. 

Figure 3.11: Photographic documentation of Smart Citizen Kits (SCK) deployed at various 

locations for the experimental campaigns: DIFA rooftop (top left), Berti Pichat Piano 2 (top 

right), Arpae van near Berti Pichat roadside (bottom left), and balcony of the Geophysics 

Department at Berti Pichat (bottom right) 
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3.2.3 Data Pre-processing 

Following the collection of data from our designed experiments and campaign, we processed the data 

utilizing the Hampel filter for outlier removal while keeping data window 7 and threshold level of 3 

(Outliers are identified as points where the deviation exceeds Ὧ× MAD, where MAD is the Median 

Absolute Deviation and Ὧ is a user-defined constant (commonly Ὧ=3). The Hampel filter is a robust 

statistical method employed to identify and remove outliers from time series data (Pearson et al., 

2016). It is particularly effective in scenarios where data may be contaminated with noise or 

anomalous values, which can skew the analysis and modeling efforts. The Hampel filter functions by 

replacing data points that deviate significantly from the median of the surrounding window with a 

median value. This decision-based approach is effective in maintaining the integrity of data while 

eliminating outliers (Yu et al., 2014). The filter is characterized by two primary parameters: the 

window width and threshold parameter, which determine the extent to which a data point must deviate 

from the median to be classified as an outlier. The effectiveness of the Hampel filter stems from its 

capacity to adapt to the local data characteristics. Unlike global outlier detection methods, this 

approach considers the local context of each data point, rendering it particularly suitable for time 

series with varying trends and seasonality. The window width parameter allows researchers to adjust 

the filter's sensitivity to local variations, with wider windows potentially attenuating more subtle 

anomalies, whereas narrower windows preserve more detail, but may be more susceptible to noise. 

The threshold parameter, often denoted as a multiple of the median absolute deviation (MAD), 

provides a robust measure of dispersion that is less affected by extreme values than the standard 

deviation (Pearson et al., 2016). This renders the Hampel filter resistant to the masking effect, where 

multiple outliers can skew the traditional outlier detection methods. By integrating these elements, 

the Hampel filter offers a balanced approach to outlier detection and removal, preserving the 

underlying structure of the time series while effectively eliminating anomalous data points that could 

otherwise lead to erroneous conclusions in subsequent analyses or modeling efforts. 

3.2.3.1 9ŸƖƖĲĦƣŔŸŰШŸŉШÂ~ЊЉШ?ċƣċШŉŸƖШcƨůŔĬŔƣǃШEŉŉĲĦƣƚ 
In this research, for the Reggio Emilia campaign, where SCKs were deployed in an outdoor 

environment, we adapted and evaluated the humidity correction proposed by (Crilley et al., 2018a) 

developed for the ITC OPC-N2 PM sensor. The concept behind this adjustment is that, when water 

vapor molecules interact with aerosol particles, they can be absorbed into or adsorbed onto aerosol 

particles (Pöschl, 2005). This uptake of water vapor can lead to the development of aqueous solution 

droplets and a notable increase in the particle size, contingent on the attributes of these particles. 

Using the Köhler theory, hygroscopic growth describes the increase in water vapor, which is known 

as hygroscopic growth. This theory is a combination of the Kelvin equation, which gives the 
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relationship between the vapor pressure of a liquid droplet as a function of its curvature and surface 

tension, and the formulations of the vapor pressure in aqueous solutions given by Raoultôs law 

(Köhler, 1936).    

 

ὖὓ
  
         éééééé.. Equation (1) 

ὅ ρ  Ȣ                 ééééééé Equation (2) 
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 Ϸ

                       ééééééé. Equation (3) 

 

where PMCorrected and PMraw given in equation (1) are the corrected and observed PM mass 

concentrations in units of µg/m3, respectively; aw (equation 3) is the water activity (unitless), 

defined as RH/100; and k is 0.63 (unitless). 

3.3 Methods: SCK Functionality and Performance 

Evaluation 

Ensuring a stable and reliable power supply is essential for accurate operation of low-cost 

environmental sensors. In this study, we performed voltage supply and power efficiency tests before 

deployment in an indoor environment and field evaluation. Previous studies on power supply have 

recognized its technical relevance, but they often lacked rigorous scientific analysis and empirical 

evidence. To address this limitation, a comprehensive analysis of voltage fluctuations and battery 

discharge profiles was conducted to elucidate how these factors directly affect sensor stability, 

operational longevity, and measurement precision. Empirical evidence from recent studies has been 

incorporated to illustrate the sensitivity of the sensor performance to power supply variations. (Sitzia 

et al., 2024) reported that minor fluctuations in voltage can significantly compromise sensor accuracy 

and consistency, particularly in the context of low-cost sensors used in environmental monitoring. 

Further research by (S. Ali et al., 2021) highlighted how variations in battery charge levels directly 

influence sensor outputs, especially under field conditions characterized by dynamic environmental 

challenges. (Demanega, Mujan, Singer, AnĽelkoviĺ, et al., 2021) emphasized the importance of 

maintaining a stable power supply to mitigate sensor drift during prolonged deployments. ( Liu et al., 

2020a) demonstrated that inconsistent power supplies could result in substantial measurement noise 

and inaccuracies, thus affecting data reliability in urban air quality monitoring scenarios. The 

integration of these findings and comprehensive discussions has significantly enhanced the scientific 
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rigor of this analysis, thereby improving the overall validity and reliability of the conclusions drawn 

from our study. 

3.3.1 Power Supply Test (Bologna and Barcelona) 

SCKs underwent evaluation in controlled environments in both Bologna (2nd-3rd February 2023) 

and Barcelona (17th May-21st May 2024), with the primary objective of assessing the SCKs' 

performance under varying power supply conditions (Figure 3.12 & 3.13). The experimental 

protocol encompassed the following three power-connection configurations: 

1) Battery-powered operation  

This test evaluated the performance of the device when running solely on its internal 

battery. It assesses factors such as  

ü Battery life duration under typical usage conditions  

ü Power management efficiency  

ü Device functionality across different battery charge levels  

ü Performance consistency as the battery depletes  

ü Low-battery warning systems and automatic shutdown features   

2) Direct connection to chargers  

This test examined the behavior of the device when connected directly to its designated 

charger. Key aspects include:  

ü Charging speed and efficiency  

ü Heat generation during charging  

ü Overcharge protection mechanisms  

ü Compatibility with various charger types (if applicable)  

ü Device functionality while charging - Power delivery consistency   

3) Connection via USB:  

This test analyzes the performance of the device when connected to a computer or 

another power source via a USB. The points of focus include the following.  

ü Data transfer capabilities (if applicable)  

ü Charging speed compared to direct charger connection  

ü Power draw limitations  

ü Device recognition by connected systems  

ü Simultaneous charging and data transfer capabilities   

This comparative testing allows for a comprehensive assessment of the versatility and adaptability 

of SCKs to various power sources, which is crucial for their potential deployment in diverse urban 
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settings. The tests were conducted systematically at both locations to ensure consistency and 

reliability of the data collected. 

By employing this dual-location, multi-power source testing methodology, we aim to gather 

comprehensive data on the operational capabilities of SCKs under various conditions, thus 

providing a robust foundation for evaluating their potential applications in urban environmental 

monitoring. 

Figure 3.12: Power Supply Test Set up in Bologna 

Figure 3.13: Power Supply Test Set up in FabLab, Barcelona 
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3.3.2 Indoor Test (Intra -sensors Comparison) in Bologna 

The first and foremost step in this study was the preliminary performance testing of the SCKs. An 

intra-sensor comparison test was conducted in the Department of Physics and Astronomy, Bologna, 

Italy, to evaluate the consistency and efficiency of low-cost sensors when exposed to particulate 

matter (PM) concentrations, CO2, and other meteorological parameters in indoor environments 

(Figure 3.13). The sensors were positioned close to each other to ensure exposure to identical air 

conditions. The test lasted for nine days (21st Decemberï29th December 2022), during which time the 

sensors collected data (1 minute resolution). The sensors continuously monitored PM concentrations 

(PM2.5, PM10, and CO2, along with other meteorological parameters) for an extended period, 

recording variations in air quality during the Christmas holidays. The data from each sensor were 

compared with the average values of all sensors and revealed potential discrepancies in sensor 

accuracy and temporal consistency. This assessment establishes a baseline for the sensor reliability 

before deployment in more complex environments. A similar experiment was conducted in FabLab 

Barcelona for four days (10th May-14th May 2024).  

 

Figure 3.13: Indoor Testing - Laboratory Experiment (21st Decï 29th Dec 2022) 

3.3.3 Performance Evaluation 

3.3.3.1 Timeseries Analysis 

Performance evaluation constitutes a critical aspect for analyzing and comprehending complex 

systems and data trends. Within this context, time-series analysis plays a crucial role in examining 

the data that evolve over time. This analytical approach enables the identification of patterns, trends, 

and seasonal variations in the sequential data points. Through the application of various statistical 

techniques and models, time-series analysis can yield valuable insights into the behavior of systems 
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over extended periods, thereby facilitating predictions and informed decision-making. For our data 

analysis, we utilized statistical techniques to examine temporal patterns and trends in the dataset. The 

analysis involved decomposing the time series into its constituent components including seasonal 

variations, long-term trends, and cyclical fluctuations. By applying these methods, we were able to 

identify key insights and make informed predictions regarding future data points within the time 

series. 

1. Identifying patterns: This allows us to see whether there are repeating behaviors or cycles 

in the data. 

2. Spotting trends: We can observe if the values generally increase, decrease, or remain 

stable over time. 

3. Detecting seasonal changes: This helps recognize if certain patterns occur at specific 

times, such as yearly, monthly, or changes at specific hours of the day. 

Time-series analysis is particularly useful in the context of performance evaluation. It allows 

researchers to track how well a system or process is working overtime, identify areas for 

improvement, and predict future performance. This method is valuable for studying complex systems 

and for understanding how they change and behave over extended periods. 

3.3.3.2 Correlation and Regression Analysis 

Correlation and regression analyses are complementary methods that further enhance the performance 

evaluation. Correlation analysis measures the strength and direction of the relationships between 

variables, helping identify potential dependencies or associations. Regression analysis, on the other 

hand, focuses on modelling the relationship between a dependent variable and one or more 

independent variables. These techniques allow researchers to quantify the impact of different factors 

on system performance, predict outcomes based on input variables, and uncover underlying patterns 

that may not be immediately apparent using other analytical methods. 

3.3.3.3 Statistical Biases 

Mean Bias Error (MBE) and Mean Absolute Error (MAE) are statistical metrics employed to assess 

the accuracy of models or measurement systems, each serving distinct purposes. MBE quantifies the 

average difference between the predicted (or measured) values and actual (or observed) values, 

thereby capturing the systematic bias in the model. A positive MBE indicates a tendency towards 

overestimation, while a negative MBE indicates underestimation, rendering it useful for identifying 

directional errors. However, MBE does not reflect the magnitude of the errors.  
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Conversely, MAE evaluates the average magnitude of the errors without considering their direction 

by calculating the absolute differences between the predictions and observations. This metric yields 

a non-negative value, providing a more precise representation of the overall prediction accuracy by 

focusing solely on the magnitude of discrepancies. While MBE is optimal for detecting systematic 

biases, MAE is more robust for assessing the scale of errors, rendering the two metrics 

complementary for diagnosing and improving the model performance. By utilizing both metrics, one 

can comprehensively evaluate the predictive reliability and error patterns of a system. 
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Chapter 4 
4 Results and Discussions 

4.1 Performance evaluation of SCKs with different Power 

Supplies (DIFA Bologna) 

4.1.1 Sensor Powered by Rechargeable Battery 

The sensors powered by the rechargeable sensor battery demonstrated consistent performance across 

all the parameters (humidity, temperature, PM2.5, and CO ). For humidity, the readings aligned well 

with the overall average, within the defined accuracy range (±2%), except for a minor dip at the start 

of the measurement period, which was likely caused by sensor initialization or power stabilization 

(Figure 4.1). Temperature readings followed the expected diurnal patterns, with smooth trends that 

adhered closely to the accuracy range (±0.2°C) (Figure 4.2). For PM2.5, the battery-powered sensor 

performed reliably, providing stable trends that closely matched the overall average, without 

significant anomalies (Figure 4.3). CO  measurements were similarly stable, consistently aligned with 

the average trends, and remained within the accuracy range (±30 ppm) (Figure 4.4). These results 

suggest that rechargeable batteries are a reliable power source, although the initial power stabilization 

phase may slightly affect the data. 

4.1.2 Sensor Powered by Power Extension 

The sensors connected to the power extension exhibited some inconsistencies across the parameters, 

particularly during the initial measurement period. For humidity, a sharp deviation was observed 

initially , which could be attributed to electrical noise or power fluctuations. After this initial 

instability, the readings stabilized and followed the average trend within the accuracy range (±2%) 

(Figure 4.1). Temperature measurements showed a sharp spike early on, potentially due to 

overheating or inconsistent power delivery, but later stabilized to match the average trend (Figure 

4.2). PM2.5 readings displayed minor deviations, particularly early in the recording, but eventually 

aligned with the average within the defined accuracy range (±0.3ï10 µm) (Figure 4.3). CO  readings 

also exhibited elevated initial values, likely due to electrical interference, but these values normalized 

over time and fell within the acceptable accuracy range (±30 ppm) (Figure 4.4). The variability in the 

extension-powered configuration highlights its susceptibility to power inconsistencies, particularly 

during initialization. 
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4.1.3 Sensor Powered by Duracell Battery 

The sensors powered by the Duracell battery consistently provided the most stable and accurate data 

across all parameters, demonstrating superior reliability compared with the other power sources. For 

humidity, the readings closely followed the average trend without any significant deviations, 

remaining well within the accuracy range (±2%) throughout the entire measurement period (Figure 

4.1). Temperature data exhibited smooth diurnal trends, with no anomalies or spikes, and adhered 

closely to the accuracy range (±0.2°C) (Figure 4.2). PM2.5 measurements were similarly stable, 

showing uniform trends that aligned perfectly with the overall average and fell within the acceptable 

range (±0.3ï10 µm) (Figure 4.3). CO  readings were consistent and remained aligned with the 

average trend, remaining comfortably within the accuracy range (±30 ppm) (Figure 4.4). The 

consistent performance of the Duracell battery-powered sensors indicates that disposable batteries 

provide a stable and noise-free power source, making them highly suitable for applications requiring 

precise and reliable environmental monitoring. 

Figure 4.1:  Variation in Humidity readings over time for different power configurations: 

sensor battery (6ECF), extension power connection (9A66), and Duracell powered (D8EF). The 

shaded region indicates the accuracy range (±2%) 

Figure 4.2: Variation in Temperature readings over time for different power configurations: 

sensor battery (6ECF), extension power connection (9A66), and Duracell powered (D8EF). The 

shaded region indicates the accuracy range (±0.2°C) 
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Figure 4.3: PM2.5, concentration during power connectivity testing with different power 

configurations. The shaded region indicates the accuracy range (±0.3ï1.0 µm) 

Figure 4.4: CO2 concentration during power connectivity testing with different power 

configurations. The shaded region indicates an accuracy range (±30 ppm)  

This comparative assessment of SCKs powered by various sourcesðrechargeable batteries, power 

extensions, and Duracell batteries revealed that power stability significantly affects sensor 

performance, particularly during initialization. Among all configurations, sensors powered by 

Duracell batteries demonstrated the most consistent and noise-free measurements across all 

parameters. These findings highlight the critical importance of power source selection in ensuring 

data reliability and sensor stability, thereby informing optimal deployment strategies for long-term 

urban air quality monitoring using low-cost sensor networks. 

4.2 Performance evaluation of SCKs with different Power 

Supplies (FabLab, Barcelona) 

The performance of the SCKs was evaluated using two data logging methods, network-based real-

time transmission and local storage, using SD cards to investigate their effect on data accuracy and 

reliability. The sensors were tested in two power configurations: battery-powered and charging 
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modes. This section presents a comparison of the temperature (°C) and humidity (%) data across these 

configurations and discusses the observed trends and deviations in detail. 

4.2.1 Temperature and Humidity on Battery and Charging 

While Connected with Network 

The performance of sensors recording temperature and humidity while connected to the network 

demonstrated noticeable differences between the battery-powered and charging modes.  For 

temperature, both the battery and charging configurations captured the expected diurnal trends, with 

daytime peaks and nighttime troughs (Figure 4.5). However, in the charging mode, slight deviations 

were observed during the temperature peaks, likely owing to the heat generated by the charging 

process, which can alter the sensor calibration. These deviations were more pronounced in the 

network mode owing to the additional noise introduced by real-time data transmission. 

Humidity measurements (Figure 4.6) of the network also followed diurnal patterns, with lower values 

during the day and recovery at night. In the battery-powered mode, the data were relatively consistent, 

although occasional irregularities occurred, particularly during rapid environmental changes. These 

inconsistencies may have resulted from transmission delays or brief data loss. Sensors in the charging 

mode exhibited greater variability in humidity readings, likely influenced by heat from charging, 

which may have created localized microclimatic conditions affecting sensor performance. 

4.2.2 Temperature and Humidity on Battery and Charging 

While Connected with SD Card 

When the sensors were configured to log data locally on SD cards, the results exhibited significantly 

enhanced stability compared with the network-based setup. For temperature measurements, the 

battery-powered sensors produced consistent (except SCK Sensor ID D25C, as its battery was fully 

depleted) and precise readings that accurately reflected diurnal cycles without noise or anomalies 

observed in the network data (Figure 4.7). The charging mode still demonstrated slight upward 

deviations during the temperature peaks; however, these deviations were less pronounced as local 

data logging minimized external interference and maintained data integrity. 

The humidity data logged on the SD cards displayed similar improvement. The battery-powered 

configuration captured consistent diurnal humidity variations without notable anomalies (Figure 4.8). 

This observation demonstrates the robustness of SD card-based logging in preserving the data fidelity. 

While the charging mode continued to introduce some variability in humidity readings owing to 

charging-induced heat, the extent of this variability was significantly reduced compared to the 

network setup, further confirming the reliability of SD card storage. 
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On Network  

Figure 4.5: On Network connection (Temperature comparison between battery -powered and charging 
sensors, highlighting diurnal variations across multiple devices)   

Figure 4.6: On Network connection (Humidity comparison between battery-powered and 

charging sensors, highlighting diurnal variations across multiple devices). 
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On SD Card 

Figure 4.7 On SD card (Temperature comparison between battery-powered and charging 

sensors, highlighting diurnal variations across multiple devices 

Figure 4.8: On SD card connection (Humidity comparison between battery-powered and 

charging sensors, highlighting diurnal variations across multiple devices). 

Evaluating various data logging techniques across different power setups, it was found that using an 

SD card for local storage ensures much higher data stability and reliability compared to transmitting 
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data in real-time over a network, especially when charging. Sensors powered by batteries consistently 

delivered the most precise measurements, whereas charging led to thermal artifacts that impacted 

both temperature and humidity data. These results underscore the significant impact of power mode 

and data transmission method on the performance of sensors and the integrity of data, emphasizing 

the necessity of meticulous system configuration for long-term, cost-effective sensor deployments. 

4.3 Indoor Testing in DIFA Bologna (Intra -sensors 

Comparison) 

The hourly measurements of temperature, CO , PM10, and PM2.5, recorded in the Bologna Living Lab 

from December 21st to 29th, 2022, demonstrate consistent and reliable performance across the sensor 

network. PM10 and PM2.5, showed clear diurnal patterns, with higher concentrations during the 

daytime and notable peaks around December 27th, likely linked to localized pollution events. The 

standard deviations for PM2.5 (±5.04 µg/m³) and PM10 (±5.55 µg/m³) (Figure 11 & Figure 12) indicate 

good agreement among the sensors, with occasional spikes attributed to calibration or environmental 

variability. CO  concentrations exhibited typical diurnal trends, with elevated levels during the 

nighttime due to reduced ventilation and lower levels during the day, with an average variation within 

±121.73 ppm (Figure 4.10). Temperature readings were stable and closely aligned across sensors, 

with a standard deviation of ±0.89°C (Figure 4.9), reflecting strong inter-sensor reliability and 

minimal anomalies. Overall, the sensor network effectively captured environmental trends and 

maintained accuracy with minor deviations, highlighting the need for periodic calibration to ensure 

data consistency in long-term urban air quality monitoring. 

Figure 4.9: Hourly temperature levels recorded at Bologna Living Lab (21stï29th Dec 2022). 

The data represent multiple sensor readings with ±0.89°C as the standard deviation. 
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Figure 4.10: Hourly CO 2 levels recorded at Bologna Living Lab (21stï29th Dec 2022). 

Multiple sensors show consistent patterns with a standard deviation of ±121.73 ppm 

Figure 4.11: Hourly PM 2.5 levels recorded at Bologna Living Lab (21stï29th Dec 2022). PM2.5 

concentrations exhibit temporal variation with a standard deviation of ±5.04 µg/m³ 

Figure 4.12: Hourly  PM10 levels recorded at the Bologna Living Lab (21stï29th Dec 2022). 

The readings show diurnal variations, with a standard deviation of ±5.55 µg/m³ 

The hour-to-hour variabilities illustrated in Figures 4.10 (CO ) and 4.12 (PM ) are likely attributable 

to factors previously documented in the literature (Ouimette et al., 2023)(Crilley et al., 2020), 

specifically instrument artifacts, rather than authentic environmental fluctuations. The hour-to-hour 

variabilities depicted in Figures 4.10(CO ) and 4.12 (PM ) are likely due to factors previously 
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reported in the literature instrument artifacts rather than genuine environmental fluctuations. For 

PM , the Plantower PMS 5003 units demonstrate: (i) manufacturing variability in laser-diode power 

and photodiode gain, affecting scattering efficiency; (ii) differences in micro-fan flow that alter 

sampling residence time; (iii) factory-set ə coefficients that convert light to mass, which vary by 

device; and (iv) millivolt-level variations (4.90ï5.05 V) on the 5 V rail, influencing both laser 

intensity and fan speed. Collectively, these factors result in approximately 6% systematic offsets, 

accounting for deviations beyond the Ñ5.55 Õg m į 1-SD band while remaining within the datasheet's 

Ñ10 Õg m į accuracy range. For CO , the Sensirion SCD 30 variability is due to: (i) automatic self-

calibration (ASC) locking onto different seven-day minima; (ii) unit-specific thermistor offsets that 

interact with the sensorôs temperature dependence; (ii) pressure-response differences when on-board 

compensation is disabled; and (iii) IR-LED radiant-power decay (~1% month ĭ). These mechanisms 

explain the ±121 ppm envelope, which remains within the ±(30 ppm + 3%) specification (Sensiron, 

2019). Therefore, the observed divergence among traces is attributable to optics, electronics, and 

firmware rather than heterogeneous air conditions. 

The intra-sensor comparison conducted at DIFA Bologna demonstrated strong consistency across 

SCK units in recording temperature, CO , PM2.5, and PM10, with variations remaining within expected 

specification ranges. These results highlight the robustness of the sensor network for indoor air quality 

monitoring, while also emphasizing the significance of identifying and accounting for device-level 

systematic differencesðcrucial for ensuring data quality in extended deployments 

4.4 Indoor Testing in FabLab Barcelona (Intra-sensors 

Comparison): 

The indoor testing conducted at FabLab from May 10th to May 14th involved monitoring the CO , 

humidity, PM10, and temperature using multiple sensors. In the time series of parameters, rather than 

plotting the 1SD or accuracy range across average data points, an alternative approach was employed. 

This approach involves plotting the accuracy range of two sensors: one exhibiting the highest values 

throughout, and the other displaying the lowest values throughout. The CO  levels remained relatively 

stable throughout the testing period, with a significant spike observed on May 14th, potentially due 

to a localized source or abrupt environmental change (Figure 4.13). The humidity data exhibited a 

gradual increase over time, reflecting stable indoor conditions, with readings consistently aligning 

within ±2% of the overall trend (Figure 4.14a). This consistency demonstrates strong intersensor 

reliability, except for minor deviations during the later stages of testing. The temperature 

measurements followed clear diurnal cycles, with peaks during the day and troughs at night. The 

temperature trends showed good agreement among the sensors, with variations remaining within 
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±0.2°C (Figure 4.16), underscoring the accuracy of the setup. These results confirmed the robustness 

of the sensor network for indoor environmental monitoring, with minor anomalies likely attributable 

to specific events or sensor-specific variations. Regular calibration is recommended to maintain the 

data integrity in long-term monitoring scenarios. 

 

Figure 4.13: Time series of CO2 during FabLab indoor testing (10thï14th May 2023) 

 

Figure 4.14a: Time series of Humidity during FabLab indoor testing (10thï14th May 2023) 
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Figure 4.14b: Time series of PM10 during FabLab indoor testing (10thï14th May 2023) 

 

Figure 4.15: Time series of Temperature during FabLab indoor testing (10thï14th May 2023) 

 

The indoor intra-sensor evaluation conducted at FabLab Barcelona revealed a high level of 

consistency among multiple SCK units for CO , humidity, PM10, and temperature, with deviations 

staying within acceptable accuracy thresholds. These results underscore the sensors' reliability under 

controlled indoor conditions and emphasize the importance of such controlled comparisons in 

identifying sensor-specific behavior. Ultimately, this supports the refinement of calibration protocols 

and enhances the credibility of sensor data in broader urban air quality monitoring applications. 
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4.5 Outdoor Testing (Reggio Emilia Campaign): 

The outdoor performance of Smart Citizen Kits (SCKs) during the Reggio Emilia campaign was 

evaluated through the monitoring of PM10, CO2, and temperature levels, as illustrated in Figures (4.16, 

4.17 & 418). The PM10 concentrations exhibited significant temporal fluctuations, with elevated 

levels observed during specific periods, potentially associated with anthropogenic activities, such as 

vehicular traffic. The mean PM10 concentration, denoted by the red dashed line, demonstrated a 

consistent trend across all the sensors, although the shaded region representing the standard deviation 

(±1 SD) indicated moderate variability among the sensors. CO2 concentrations (Figure 4.18, bottom 

panel) exhibited a distinct diurnal pattern, with peaks during the morning and evening hours 

corresponding to periods of increased human activity. The sensors demonstrated high concordance 

with high variability in the CO2 data, as evidenced by the narrow standard deviation band. Similarly, 

temperature measurements followed a pronounced diurnal cycle, with daytime maxima and nighttime 

minima. The mean temperature readings were closely aligned with the individual sensor outputs, 

underscoring their reliability and consistency, with minimal inter-sensor variability indicated by the 

narrow-shaded region. Overall, the SCKs demonstrated efficacy in capturing urban air quality 

parameters, particularly CO2 and temperature, where a strong inter-sensor agreement was observed. 

However, the slightly higher variability in the PM10 data suggests the necessity for enhanced 

calibration to improve the uniformity of particulate matter monitoring. These findings corroborate 

the potential of low-cost sensors for urban air pollution assessment, and calibration effortsðinitiated 

and continuously carried out by the Smart Citizen team at FabLab Barcelonaðhave been undertaken 

to address specific performance challenges. 

Figure 4.16: Temporal variation of PM10 concentrations during the Reggio Emilia campaign, 

measured using Smart Citizen Kits (SCKs). The plot represents 1-hour averages for multiple 

sensors, with the red dashed line indicating the overall average and the shaded region showing 

±1 SD.   
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Figure 4.17: Diurnal temperature variation during the Reggio Emilia campaign recorded 

using Smart Citizen Kits (SCKs). The plot shows 1-hour averages for multiple sensors, with 

the red dashed line indicating the overall average and the shaded region illustrating ±1 SD.  

Figure 4.18: Temporal variation of CO2 concentrations during the Reggio Emilia campaign 

measured using Smart Citizen Kits (SCKs). The 1-hour averages for individual sensors are 

displayed, with the red dashed line representing the overall average and the shaded area 

denoting ±1 SD. 

 

4.5.1 Statistical Biases  
The statistical performance of Smart Citizen Kits (SCKs) for measuring temperature, CO2, and PM10 

concentrations was evaluated using key metrics, including the mean absolute error (MAE), mean bias 

error (MBE), and Pearson correlation coefficient (r), as illustrated in Figures 4.19ï4.21. For 

temperature (Figure 4.19), the MAE values were within the 0.5-1.25 °C range, whereas the MBE 

values highlighted minor biases. The Pearson correlation coefficient for all sensors was close to 1.0, 

indicating excellent agreement with the average values. Similarly, for CO2 concentrations (Figure 

4.20), MAE values showed slight variability among the sensors, with MBE indicating 

underestimations for some and overestimations for others. The Pearson correlation coefficients for 

CO2 remained above 0.9, demonstrating a strong intra-sensor agreement. PM10 performance (Figure 






















































