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ABSTRACT 

 

Aerosol is a suspension of airborne particles in the air or other gas. It is more commonly 

known as Particulate Matter (PM). Aerosols are ubiquitous throughout our environment in 

various forms, such as dust, fume, smog, mist, etc. They originate from both natural and 

anthropogenic sources. Some natural aerosols include pollen, sea salts, smoke from forest fires, 

and desert dust. Examples of anthropogenic sources include mobile and industrial combustion, 

construction sites, domestic fuel burning. These aerosols come in a wide range in size from a few 

nanometers (nm)—less than the width of the smallest viruses—to several tens of micrometers 

(µm)—about the diameter of human hair. They have significant impacts on climate, human 

health, and quality of life. This work focuses on developing tools and methods for monitoring, 

sampling, and analyzing course, fine and ultrafine aerosols (between 10 nm and 10 µm) to study 

and mitigate their health impact. 
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Chapter 1. INTRODUCTION 

1.1 BACKGROUND 

Aerosol is a suspension of airborne particles in air or other gas [1]. It is more commonly 

known as Particulate Matter (PM) by the public. Aerosols are ubiquitous throughout our 

environment in various forms, such as dust, fume, smog, mist, etc. They originate from both 

natural and anthropogenic sources. Some natural aerosols include pollen, sea salts, smoke from 

forest fires, and desert dust. Examples of anthropogenic sources include mobile and industrial 

combustion, construction sites, domestic fuel burning. These aerosols come in a wide range in 

size from a few nanometers (nm)—less than the width of the smallest viruses—to several tens of 

micrometers (µm)—about the diameter of human hair. They have significant impacts on climate, 

human health, and quality of life. This work focuses on developing tools, methods for 

monitoring, sampling, and analyzing fine and ultrafine aerosols (aerosols between 10 nm and 10 

µm) to study and mitigate their negative health impact. 

 
Figure 1.1. Sea salt, dust, and volcanic ash are three common types of aerosols in the 

atmosphere. (Photograph by Katherine Mann.) 

http://www.katherinemann.net/
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1.2 HEALTH IMPACTS OF AEROSOL 

Human exposure to PM is associated with multiple adverse health effects, including 

cardiovascular disease, cardiopulmonary disease, and lung cancer [2-6]. Estimates show that 

approximately 3% of cardiopulmonary and 5% of lung cancer deaths are attributed to exposures 

to PM globally [7]. Exposure to PM, particularly combustion-generated aerosols, has been linked 

to respiratory and cardiovascular health effects, including ischemic heart disease, stroke, 

cardiovascular mortality, and exacerbations of asthma and chronic obstructive pulmonary disease 

[8-10]. The hazard caused by inhaled particles depends on the particle deposition site within the 

respiratory system as well as their chemical composition. Particle deposition in the human 

respiratory tract depends on particles' aerodynamic size [11, 12]. Aerodynamic size is defined as 

the diameter of the spherical particles with a density of 1000kg/m3 that has the same settling 

velocity as the particle. Humans have evolved effective defense mechanisms against larger 

particles, which can be removed by impaction and sedimentation in the ciliated airways of the 

lungs. However, smaller particles can penetrate deeper into the lungs remain there for varying 

times depending on the physicochemical properties and type of clearance mechanism involved. 

EPA groups regulated particle pollution into two categories: "Coarse particles" which are 

particles larger than 2.5 micrometers and smaller than 10 micrometers in diameter (PM10). These 

particles are deposited into the airways in the head region when inhaled. "Fine particles" are 

particles smaller than 2.5 micrometers (PM2.5) in diameter; when inhaled, they are deposited into 

lung airways or the tracheobronchial region. Besides these two categories, there is a growing 

concern in the public health community about the contribution of Ultrafine particles (UFPs) to 

adverse human health impacts. UFPs are aerosols with an aerodynamic diameter of 0.1 µm (100 

nm) or less. They dominate in terms of the number of particles in the ambient air with the ability 
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to reach the most distal lung regions (alveoli) and circumvent primary airway defenses (see 

Figure 1.2). Moreover, UFPs have a high surface area and can adsorb a substantial amount of 

toxic organic compounds. 

 

 
Figure 1.2. Left: Graphical illustration of the relative size of particulate matter (available 

from EPA.gov); Right: Diagram shows the areas where particles with different sizes can be 

deposited in the body[13]. 

Bioaerosol is a common type of PM of biological origin. Bioaerosol can severely impact 

human health, including infectious diseases, acute toxic effects, and allergies. [14, 15] Since the 

beginning of 2020, the pandemic caused by coronavirus disease 2019 (COVID-19) has wreaked 

havoc across the globe.  The results of several studies suggest that aerosols play a critical role in 

COVID-19 transmission [16-21]. COVID-19 is not the only virus that can be transmitted through 

aerosols – the influenza virus, systemic sclerosis, and many others can also be spread through 

aerosols [20, 22-25]. 

1.3 AEROSOL MONITORING WITH THE PM SENSOR NETWORK 

The direct measurement of time- and size-resolved PM concentrations is essential to 

health-related applications, such as exposure assessments and air quality (AQ) studies but 

challenging to implement at fine spatial and temporal scales. PM concentrations vary 

https://www.epa.gov/pm-pollution
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significantly in space and time across community settings [26, 27]. Hence, time- and size-

resolved PM measurements are more informative than traditional total PM weight measurements 

for assessing adverse health effects. As part of the Clean Air Act, the National Ambient Air 

Quality Standard (NAAQS) set by the U.S. Environmental Protection Agency (EPA) has adopted 

and established monitoring requirements for pollutants, including PM2.5 and PM10 [28, 29]. 

However, the sparse spatial distribution of government monitoring sites makes fine spatial scale 

exposure assessment challenging [7]. Traditional PM instruments are large and expensive, thus 

have limited use in high spatial and temporal resolution mapping applications; these applications 

instead demand compact, low-cost sensors with reliable performance.  

Low-cost particulate matter (PM) sensors find increasing use in various applications, 

including monitoring AQ in the outdoor [30-33] and indoor environment [34-36] by academic 

researchers and citizen scientists. The low-cost sensor networks have the potential to provide 

high spatial and temporal and resolution, identifying pollution sources and hotspots, which in 

turn can lead to the development of intervention strategies for exposure assessment and 

intervention strategies for susceptible individuals.  

Controlling air pollution reduces adverse health effects and increases general well-being, 

quality of life, and improves public health. Accurate air quality information is critical for the 

public, especially the vulnerable groups, to make informative decisions to protect themselves 

from harmful air pollution. Historically, the public relies on regulatory monitoring network sites 

to get air quality information. Fixed-site monitors can generate population-level exposure 

estimates; however, they lack special-temporal resolution. Time-resolved exposure data from 

wearable monitors can be used to assess individual exposure in near real-time [37]. Individuals 

constantly move in time and space, while the air pollution landscape is highly variable at the 



14 

 

same time. Monitoring personal exposure provides insights into individual health risks, 

promoting more effective personalized interventions. In addition, personal monitoring provides a 

clearer picture of indoor air quality, which is essential since people spend a large part of their 

time in indoor environments.[38] The feasibility of personal monitoring / indoor monitoring with 

low-cost sensors has been demonstrated in several studies [39-41]. 

1.4 WILDFIRE SMOKE EXPOSURE MONITORING 

Climate-change-related wildfires have become more frequent and intense in the Western 

United States. Summer wildfire seasons are already 40 to 80 days longer on average than they 

were 30 years ago [42]. Evidence suggests that dry mountain forests in California and other 

Western states will likely see ever-worsening fires for the coming century due to climate change 

and land management choices [43-45]. The intensified wildfires can release more smoke into the 

atmosphere [46]. Fine particulate matter (PM2.5), a major pollutant found in smoke from 

wildfires, can penetrate deep into the respiratory tract [47]. Those combustion-generated aerosols 

consist of elemental carbon and organic carbon fraction linked to high PM toxicity [48]. 

Complex flow structures associated with large-scale flames and low flame temperature in 

biomass burning and wildfires lead to low carbonization of organic carbon, thus high levels of 

polycyclic hydrocarbons (PAHs) [49-52]. Exposure to these PAH compounds can lead to acute 

and chronic conditions, neurological diseases, and cancer. 

As a recent example, a series of large wildfires impacted air quality in western regions of 

the United States in 2020. The episode measured in this study (2020 Washington Labor Day 

fires) began on September 7, 2020, and were 90% contained by September 22. The fires burned 

over 41000 acres of forest.[53] Due to the coronavirus pandemic 2019 (COVID-19) shelter-in-

place order by Washington state since early 2020, people probably spent a significant amount of 
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time indoor during the 2020 wildfire season. Current public health advice for protection from 

smoke exposure during wildfires is to stay indoors, preferably in a "clean room" with filtered air, 

close windows and doors, and minimize physical exertion. However, studies have shown that 

PM2.5 could penetrate indoors even with all the windows and doors closed [54, 55]. With limited 

access to portable air cleaners during wildfires and increasing awareness of the health impacts 

from wildfire smoke exposure, monitoring the indoor PM2.5 is critical to understand the wildfire 

smoke preparedness of each household.  

The demonstration study presented in Chapter 2 Section 2.2 assesses the feasibility of 

using low-cost sensors during wildfire smoke episodes to measure indoor vs. outdoor PM 

concentrations and the use of wearable sensors for personal monitoring. We demonstrated 

calibration of low-cost sensors to regional air quality monitoring data during wildfire episodes, 

the feasibility of quantifying key metrics, such as indoor/outdoor (I/O) PM2.5 ratios, computing 

differences between wearable monitor and fixed location concentration in the 

microenvironments. We observed the effects of household interventions in several homes and 

discussed the potential for these capabilities to inform future studies. 

 

1.5 AEROSOL ARCHIVAL SAMPLING  

Aerosol sampling and identification are used to assess and control PM pollution, airborne 

pathogens, allergens, and toxins and their effect on air quality, human health, and climate 

change. Based on the application scenarios, aerosol samplers can be classified into area samplers 

and personal exposure samplers. Area samplers typically operate at high flow rates greater than 

10 L/min to collect particles onto a solid substrate, onto a filter media, or into a liquid volume. 

Due to the high operating flow rate, area samplers often require powerful vacuum pumps, which 
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reduces the samplers’ portability. Active personal aerosol samplers operate at lower flow rates 

and typically collect particles onto a filter media or a solid substrate. With the increasing concern 

regarding the potential health impacts of air pollution, substantial efforts have been made by 

many researchers to design more effective personal aerosol samplers (e.g., Foat, et al. [56], 

Schmechel, et al. [57], Willeke, et al. [58]). 

Filters and solid substrates are two traditional media used in personal samplers. Most 

personal exposure samplers use filters to collect airborne particulates due to their broad target 

particle size range and high collection efficiency. However, high elution volumes, cumbersome 

sampling setups, high power consumption, and the required sample preparation procedures limit 

the usability of filter collection in many scenarios. Solid substrate collectors, such as cyclone and 

inertial impactors, rely on the momentum difference between airborne particulates and air 

molecules to collect aerosol particles onto a solid surface. Inertial impactors have been used to 

collect and measure aerosol particles since the end of the 19th century [59]. Airstream carrying 

particulates is accelerated through a nozzle and directed toward the impaction/collection surface. 

The flow is diverted at an angle, and the particles whose momentum exceeds a specific value 

cannot follow the streamline and impact the surface. The particle size that distinguishes between 

collision and non-collision is the cut-off size for a particular geometry and a flow rate. The cut-

off size of an inertial impactor depends on many factors, such as the air stream flow rate, nozzle-

to-plate distance, surface conditions, nozzle geometry, and shape of the impaction plate. 

Theoretical study of the inertial impactor [60] describes how each factor in the geometry 

influences the particle cut-off size. Several modifications have been found to improve the 

performance of inertial impactors. For example, increasing nozzle diameter to impaction distance 

ratio [61] improves collection efficiency. However, this increases the pressure drop of the 
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impactor, leading to higher power consumption. One study showed that by cooling the impaction 

plate, a higher collection efficiency could be achieved [62], and electrophoretic force can 

enhance the collection efficiency of charged aerosol particles [63]; both of these methods require 

additional hardware that complicates the overall design. Other proposed methods require 

modification of the impaction plate. It was found that coating the impaction plate with vacuum 

grease can increase the collection efficiency [64]. Increased surface roughness reduces the cut-

off size but flattens the collection efficiency curve [65]. Several concave shapes of the impaction 

plate were investigated, and it was found that the concave shapes can increase collection 

efficiency under heavy loading conditions [66]. 

Growing numbers of personal exposure samplers have been developed, which are 

essential for gathering personal exposure information and studying the potential health impact of 

air pollution at the individual level. The Button Personal Inhalable Sampler (SKC, Inc., eighty-

four, PA) is a widely used personal aerosol sampler that uses the filter as the collecting media 

and requires a powerful pump to compensate for the high-pressure drop filter. Small scall 

bioaerosol collector miniaturizing the wet scrubber technology has been recently reported [67]. 

Novosselov, et al. [68] utilize aggressively bent micro-channel using centrifugal forces to collect 

the particles on the channel walls. The microchannel collector has a relatively low-pressure drop; 

however, its collection area along the collection channel is relatively large (about 100 mm2), 

which is not optimal for in-situ optical analysis. The collector requires subsequent elution to 

analyze the sample with a volume of about 100 microliters.  

Aerodynamic focusing of the particles is often used to achieve a collimated particle 

beam, particularly for increasing particle concentration. Most common aerodynamic lenses 

(ADL) consist of a series of orifices of decreasing size through which a dilute aerosol is 
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aspirated. For laminar flow conditions, as the gas flows through the series of orifices, the fluid 

flow forces particles greater than a specific Stokes number into a narrow beam along the 

centerline, while the majority of the gas flow away from the centerline is left virtually free of 

particles [69]. In its original form (see Liu, et al. [70] and Liu, et al. [71]) and in the majority of 

ADLs in use today, the ADL is used alone without a virtual impactor. The aerosol is aspirated 

from the atmosphere through a pressure limiting orifice which reduces the flow operating 

pressure to a few hundred Pascals. This pressure range is beneficial for detection systems 

operating at low pressure, such as mass spectrometers (see Ziemann, et al. [72], Schreiner, et al. 

[73], Shu, et al. [74]) and other single-particle analyzers (e.g., Benner, et al. [75], Park, et al. 

[76]). It has also been shown that ADLs can be operated at higher pressures (Schreiner, et al. 

[77], Lee, et al. [78] and Deng, et al. [79]). Atmospheric pressure cylindrical ADLs are limited 

by turbulent transition for the higher flow rates and larger orifice dimensions leading to turbulent 

particle dispersion. The rectangular geometry of the ADL provides a solution for higher flow rate 

devices limiting the Reynolds number by adjusting the width of the lens to achieve the higher 

flow rate (see Novosselov and Ariessohn [80]). For relatively low flow rates (up to about 2 slpm 

at atmospheric pressure), the cylindrical aerodynamic focusing (AF) inlet falls into the laminar 

flow regime desirable for particle concentration.  

Chapter 3, Section 3.1 presents the development and experimental validation of an 

aerosol collection cartridge consisting of an AF inlet and a µ-well trap for particles in the 0.5-3 

μm size range. The device collects the aerosol sample within the submillimeter region, 

compatible with in-situ optical analysis and low sample elution volume. The geometry is chosen 

based on iterative CFD modeling and experiments. The paper first presents a computational 
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study of the aerodynamic inlet geometry and the µ-well collector, followed by experimental 

validation of the most suitable design and non-dimensional analysis of the collector performance.  

Chapter 3, Section 3.2 presents the performance of the low-cost µ-well aerosol collection 

cartridge designed for use with the personal exposure monitor. The cartridge's performance is 

validated in laboratory studies using aerosolized single-organism Bacillus subtilis spores based 

on comparison with the collection and analysis of the reference filters. Sample recovery for the 

pipette elution is tested for elution in the 10-20 µl liquid volume. 

 

1.6 CHEMICAL COMPOSITION ANALYSIS OF COMBUSTION-GENERATED AEROSOLS 

USING EXCITATION EMISSION MATRIX (EEM)  

Combustion-generated ultrafine particles (UFP) consist of elemental carbon (EC) and 

organic carbon (OC). Brown carbon (BrC), characterized by a significant fraction of OC, is a 

major air pollution component with known health risks [81] and adverse environmental impacts 

[82]. Though the severity and mortality of many diseases have been linked to UFP exposure, 

there is uncertainty about specific causative agents' influence. Size distributions, particle 

morphologies, optical properties, and chemical compositions of these aerosols vary significantly 

[26, 27]. The UFP chemical composition determines the potential for biochemical reactions with 

tissue and cells. BrC forms from the incomplete combustion of fossil, biomass, and other 

carbonaceous fuels. More than 100 polycyclic aromatic hydrocarbons (PAHs) cluster together to 

form liquid-like particles [83]. The planar nature and inherent stability of aromatic compounds 

are linked to the formation of soot particles [84, 85]. Molecular dynamics simulations have 

approximated the size of PAHs in young soot to be between four rings (Pyrene) and 19 rings 

(circumcoronene) [86, 87]. The PAHs participating in PM formation or components condensed 
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on PM during the secondary growth [52, 88] can be oxidized in the flame [49]; however, a 

significant organic fraction is retained by the particle, especially in the low temperature 

(incomplete) combustion [50]. 

Total organic carbon (TOC) is an established method for estimating the PM samples' 

organic fraction [89, 90]; though the organic fraction in BrC contains a variety of complex 

hydrocarbon compounds[49, 91], PAHs have been reported to be a major cause of oxidative 

damage [92-94]. The United States Environmental Protection Agency (EPA) has established a 

panel of 16 PAH compounds as priority pollutants representing a range of molecular structures 

with MW=128- 278 g/mol. More recent reports [97] suggest larger PAH molecules' more 

significant carcinogenic impact [98]. Targeted PAH analysis is typically performed by laboratory 

methods such as GCMS and LCMS. Both techniques are labor-intensive, require expensive 

equipment, and require several hours for analysis even after solvent extraction of target 

compounds from PM (∼$100/sample).  

PAHs are excellent candidates for analysis by spectroscopic techniques as they have high 

absorption coefficients and quantum yields [99]. While fluorescence spectroscopy is very 

sensitive (~1 ng/mL) for PAH detection [92-94], by itself, it is not specific. The UV–visible 

electronic transitions in sp2 carbon systems such as PAHs rely on π∗–π transitions. Studies show 

an inverse power law relationship between the optical band gap (OBG) and the number of 

benzene rings in PAHs. An increase in MW of PAHs broadens their absorption bands towards 

longer wavelengths and red-shifts their emission bands due to the decreasing OBG. This 

variation in spectral properties as a function of MW can distinguish PAH content in combustion 

aerosols.  
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One group of particulate-bound chemical components of health concern is reactive 

oxygen species (ROS). A clear set of mechanisms explaining the linkage between particle mass 

and adverse health effects has not been established. However, it has been hypothesized that one 

possible contributing physiological route is a particle’s ability to induce oxidative stress via the 

generation of ROS. The ability of a particle to generate ROS is referred to as oxidative potential 

(OP). The presence and formation of ROS in the human body overcome antioxidant defenses 

[95, 96]. Because of the link between PM and oxidative stress, various methods have been 

developed to measure the oxidative potential of ambient PM [100-102]. The redox-specific 

chemicals such as transition metals and PAHs have been measured for assessing PM oxidative 

activity [103]. The dithiothreitol (DTT)-based chemical activity assay is the most widely used 

technique to assess OP of PM [107]. 

 
Figure 1.3. EEM spectroscopy. (a) Individual fluorescence emission spectrum is 

collected, (b) the excitation wavelength is incremented, and additional spectra are 

collected, (c) The EEM fingerprint is represented using a filled contour plot. 

Excitation Emission Matrix (EEM) introduces an orthogonal dimension to the standard 

fluorescence analysis by scanning over a range of single-wavelength-excitations and stacking 

fluorescence emissions at each excitation wavelength, which provides a three-dimensional (3D) 

spectral fingerprint (see Figure 1.3). In this 3D matrix, fluorescence red-shifts for higher 

molecular weights of OC compounds. This variation allows to further differentiate the types of 

compounds in a complex mixture with overlapping individual spectra. EEM has been previously 
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used for the analysis of combustion PM [108-111]. The challenges of deconvolving the 

overlapping peaks can be addressed by data-driven techniques[50, 112].  

Chapter 4 investigates the correlation between EEM signatures and ROS measurements 

for smoke aerosols. PM samples collected from cookstoves and wildfire smoke were analyzed by 

EEM and the dithiothreitol (DTT) assay for OP. The results show that the fluorescence EEM 

spectra correlate with ROS level in PM, suggesting that EEM can be an alternative method to 

evaluate the ROS level in combustion-generated aerosols. 

 



23 

 

Chapter 2. AEROSOL MONITORING USING SENSOR NETWORK  

2.1 ASSESSING THE VALUE OF COMPLEX REFRACTIVE INDEX AND PARTICLE 

DENSITY FOR CALIBRATION OF LOW-COST PARTICULATE MATTER SENSOR 

FOR SIZE-RESOLVED PARTICLE COUNT AND PM2.5 MEASUREMENTS 

Commercially available low-cost PM sensors provide output as total or size-specific 

particle counts and mass concentrations. These quantities are not measured directly but are 

estimated by the original equipment manufacturers' (OEM) proprietary algorithms and have 

inherent limitations because particle scattering depends on the particles' composition, size, shape, 

and complex index of refraction (CRI). Therefore, there is a need to characterize and calibrate 

their performance under a controlled environment. We present calibration algorithms for 

Plantower PMS A003 PM sensor as a function of particle size and concentration. A standardized 

experimental protocol was used to control the PM concentration, environmental conditions and 

to evaluate sensor-to-sensor reproducibility. The calibration was based on tests when PMS A003 

sensors were exposed to different polydisperse standardized testing aerosols. The results suggest 

particle size distribution from PMS A003 sensor was shifted compared to reference instrument 

measures. For calibration of number concentration, the linear model without adjusting aerosol 

properties, including CRI and relative humidity (RH), corrects the raw PMS A003 sensor 

measurement for a specific size bin with normalized mean absolute error within 4.0% of the 

reference instrument. Although the Bayesian Information Criterion (BIC) suggests superiority 

for the models adjusting for particle CRI and RH, they should be used with caution as the 

particle properties used in this study are within a narrow range for challenge aerosols. The 

calibration models adjusted for particle CRI and density account for non-linearity in the OEM's 
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mass concentrations estimates and demonstrated lower error. These results have significant 

implications for using PMS A003 sensor in high concentration environments, including indoor 

air quality monitoring, occupational/industrial exposure assessments, wildfire smoke, or near-

source monitoring scenarios.   

The work was published online in Arxiv [113] and submitted for publication in PlosOne. 

The authors are Ching-Hsuan Huang, Jiayang He, Elena Austin, Edmund Seto, Igor Novosselov. 

This work was done under the supervision of Professors Igor Novosselov, Edmund Seto, Elena 

Austin. Ching-Hsuan Huang, Jiayang He, Edmund Seto, Elena Austin, and Igor Novosselov 

conceptualized and designed the experiments. Ching-Hsuan Huang and Jiayang He performed 

the experiments. Ching-Hsuan Huang analyzed and visualized the data. Ching-Hsuan Huang and 

Jiayang He drafted the manuscript. Edmund Seto, Elena Austin, and Igor Novosselov reviewed, 

edited, and approved the final version of the manuscript. The calibration methodology and 

experimental results are presented here for completeness. 

2.1.1 Materials and Methods for PM Sensor Calibration 

2.1.1.1 Plantower PMS A003 and Sensor Test Platform 

The low-cost sensor PMS A003 was evaluated. A sensor's photodiode positioned normal 

to the excitation beam measures the light scattered by the particles in the optical volume. The 

scattering light intensity is then converted to a voltage signal to estimate PM number density and 

mass concentration using a proprietary calibration algorithm. The PMS provides estimated 

particle counts in six size bins with the optical diameter in 0.3-10 µm (#/0.1L) range and mass 

concentration (µg/m3) for PM1, PM2.5, and PM10. PMS reports the mass concentrations for two 

conditions: "standard" and "atmospheric", which changes the assumed particle density. The 

standard condition is designed to be used in specific environments, such as an industrial setting. 
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The "atmospheric" condition has been tuned to measure particles commonly found in the 

ambient environment. 

Six PMS units were installed on a custom printed circuit board (PCB), which also 

included a Bosch BME680 temperature and relative humidity (RH) sensor (Figure 2.1). All 

sensors were connected to an Arduino Nano microcontroller through a data selector (multiplexer 

NXP 74HC4051 breakout board, Sparkfun, Boulder, CO). The controller collects data from the 

six PMS sensors and an RH and temperature sensor simultaneously with the data acquisition rate 

of 1 Hz. The data reported in the "standard " condition was used in the analysis.  

 
Figure 2.1. Photograph of the testing platform, consisting of six PMS units mounted on the 

PCB with a temperature and humidity sensor, a multiplexer, and an Arduino 

microcontroller. 

The reference instrument of the experiment was the TSI Aerodynamic Particle Sizer 

(APS) Spectrometer 3321. Using the time-of-flight principle, APS measures real-time size-

resolved particle counts with aerodynamic particle diameters ranging from 0.523 to 20 µm in 52 
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size bins. Particles smaller than 0.523 µm can be detected by the APS's optical sensor; however, 

their aerodynamic sizes were not resolved. The instrument estimates mass concentration by 

assuming spherical particles and setting particle density values. During the experiments, APS 

continuously measured particle concentrations with a 5-second temporal resolution, the sampling 

inlet was placed near the PMS sensors. The total number concentration of the aerosols in the 

experiments was maintained below 1000 #/cc (105 #/0.1L) to minimize the coincidence error in 

the APS measurement specified in the instrument's user manual.   

2.1.1.2 Aerosol Chamber Tests 

We tested four polydisperse aerosols in a custom-built aerosol chamber. The four 

aerosols are Arizona Test Dust (ATD) (Powder Technology Incorporated, Arden Hills, MN), 

polydisperse W210, and W410 ceramic particles (3M™, St. Paul, MN), and sodium chloride 

(NaCl) particles. NaCl particles were generated by nebulizing the aqueous solution of 10% wt 

[114]. The other aerosols were nebulized from powder form. The properties and typical size 

distributions of these aerosols are summarized in  

Table 2.1. Figure 2.2 shows the aerosol chamber (0.56 m × 0.52 m × 0.42 m) used in this 

study. A full description of the chamber can be found in the reference [115]. The PMS sensor 

platform was placed in the well-mixed aerosol test chamber, elevated to the same height as the 

APS inlet. The APS sampled particle-laden air through static-dissipative tubing to eliminate 

electrostatic losses in the tubing. Particles were generated using a medical nebulizer (MADA Up-

Mist Medication Nebulizer) [116]. During the experiments, the RH was controlled by nebulizing 

deionized water using a separate nebulizer or introducing dry filtered air; tests were conducted in 

the range of RH = 17% - 80%. Two mixing fans inside the chamber provided well-mixed 

conditions through the experiments; particle concentration was continuously monitored.  
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Figure 2.2. 3-D diagram of the experimental setup used for the PMS sensor calibration with 

the lid of the aerosol chamber removed. 

Table 2.1. Characteristics of the standard testing aerosols used in the study [117]. 
Aerosol ATD W210 W410 NaCl 

Composition 

SiO2, Al2O3, 

Fe2O3, Na2O 

a 

Alkali aluminosilicate 

ceramic 

Alkali aluminosilicate 

ceramic 

Sodium 

Chloride 

Assumed density 

(g/cm3) 
2.5 – 2.7 b 2.4 2.4 1.03 

CRI 1.63 1.53 1.53 1.54 

a Four major components were listed.  
b For analysis purposes, 2.6 g/cm3 was used. 

Definition of abbreviations: ATD = Arizona Test Dust 
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We controlled the aerosol generation rate by adjusting the compressed air flow rate to the 

nebulizer. The aerosol generation was stopped when the total number concentration (based on 

the APS count) reached 1000 #/cm3. Then, the particle concentration was allowed to decay as 

the chamber was evacuated at a rate of 9.8 L/min; the make-up air entering the test is aspirated 

through a HEPA filter. The sensor array data and the APS data were acquired via two universal 

serial bus (USB) cables in real-time until the total number concentration from the APS reached 

15 #/cm3. 

2.1.1.3 Data Analysis and Modeling 

The data outside the measurement range of the APS was removed. The number 

concentration reported by the APS was aggregated as summarized in Table 2.2 to match the 

cumulative number concentrations of the PMS. The 1-second PMS measurement and 5-second 

APS measurement were aggregated to obtain 1-minute averaged data for calibration. The 

smallest size bin of the APS (< 0.523 µm) was used as a reference for calibrating PMS size bin > 

0.3 µm.  

Table 2.2. The PMS size bins and mass indices with the corresponding reference APS size 

bins for calibration. 

PMS indices Reference APS indices 

Number concentration  

> 0.3 µm aggregated from all size bins (< 0.523 µm and 0.542 – 19.81 µm) 

> 0.5 µm aggregated from size bins 0.542 – 19.81 µm 

> 1 µm aggregated from size bins 1.037 – 19.81 µm 

> 2.5 µm aggregated from size bins 2.642 – 19.81 µm 

> 5 µm aggregated from size bins 5.048 – 19.81 µm 

> 10 µm aggregated from size bins 10.37 – 19.81 µm 

Mass concentration   

PM1 mass aggregated from size bin < 0.523 µm – 0.965 µm 

PM2.5 mass aggregated from size bin < 0.523 µm – 2.458 µm 

PM10  mass aggregated from size bin < 0.523 µm – 9.647 µm 
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Figure 2.3. Time-series plots of the uncalibrated, 1-second number concentration 

measurement from the six PMS sensors during an experiment conducted under 30% RH 

with W210 aerosols. 
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Figure 2.3 shows the data from 6 PMS sensors during one experiment. In all experiments, 

the time-series of the uncalibrated concentration measurements from the six PMS sensors were 

consistent for all size bins with Pearson correlation coefficient > 0.98 for both number 

concentration and mass concentration. Figure 2.4 shows Dp>0.3 size bin for number 

concentration and PM1 for mass concentration as examples. Pearson correlation plots for other 

size bins are similar to Figure 2.4. The cross-unit similarity allowed us to develop generalized 

models by fusing the readings from six sensors and correlating the data against the APS 

measurement with matching time stamps for each size bin. For number concentration. 

Calibrations models of the following form were fit separately for number concentration data 

from the APS and PMS: 

𝐀𝐏𝐒𝐭 =  𝛃𝟎 + 𝛃𝟏 𝐏𝐌𝐒𝐭 + 𝛆𝐭 (2.1) 

where APSt is the number concentration for aggregated APS size bins at timestamp t; PMSt is the 

linear term of the PMS measurement (the number concentration of each PMS size bin) at 

timestamp t; RHt is the RH measurement of the Bosch BME680 sensor at timestamp t; β0 and β1 

are regression coefficients; εt is the residual. In addition to equation (1), other forms of linear 

models adjusted for relative humidity, particle density, and CRI were also evaluated (see Table 

2.3). For calibration of mass concentration, models including quadratic terms of the PMS 

measurement were evaluated (see Table 2.3). Since the test temperature variations were within 

±2 ℃, the temperature was not included as a variable in the models.  
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Figure 2.4. Pearson correlation between pairs of PMS for number and mass concentration. 

We assumed that the PMS particle count and mass indices should be zero when the APS 

count is zero, the intercept (β0) of the models was set to zero. The number of terms included in 

the optimal calibration model for each size bin was determined based on the Bayesian 

Information Criterion (BIC). The models with lower BIC were chosen as the optimal models. 

After identifying the optimal models using BIC and estimating model coefficients, the model 

was then applied to the pre-calibrated 1-minute PMS measurement to produce the post-calibrated 

concentrations for model evaluation. Calibration performance was assessed using the normalized 

mean absolute error (NMAE), which was calculated using the following equation [118]: 

𝐍𝐌𝐀𝐄 (%) =
𝐌𝐞𝐚𝐧 (|𝐂𝐏𝐌𝐒𝐩𝐨𝐬𝐭−𝐜𝐚𝐥

− 𝐂𝐀𝐏𝐒|)

𝐌𝐞𝐚𝐧(𝐂𝐀𝐏𝐒)
 (2.2) 
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where CPMS_post−cal is the post-calibrated 1-minute averaged PMS concentration, and CAPS is the 

1-minute averaged APS concentration. The linear models were fitted using the lm function in R. 

All the analyses were conducted using R version 3.6.3. 

Table 2.3. Forms of linear model fitted for number concentration and mass concentration 

for calibration. 

Indices Form of linear model Equation   

Number  

concentration  

Linear  APSt =  β0 + β1 PMSt + εt 

Linear + CRI  APSt =  β0 + β1 PMSt + β2CRI + εt 

Linear + RH  APSt =  β0 + β1 PMSt + β2RH + εt 

Linear + Density APSt =  β0 + β1 PMSt + β2Density + εt 

Linear + CRI + Density APSt =  β0 + β1 PMSt + β2CRI + β3Density + εt 

Linear + CRI + RH  APSt =  β0 + β1 PMSt + β2CRI + β3RH + εt 

Mass  

concentration  

Linear  APSt =  β0 + β1 PMSt + εt 

Linear + CRI  APSt =  β0 + β1 PMSt + β2CRI + εt 

Linear + RH  APSt =  β0 + β1 PMSt + β2RH + εt 

Linear + Density APSt =  β0 + β1 PMSt + β2Density + εt 

Linear + CRI + Density APSt =  β0 + β1 PMSt + β2CRI + β3Density + εt 

Linear + CRI + RH  APSt =  β0 + β1 PMSt + β2CRI + β3RH + εt 

Polynomial  APSt =  β0 + β1 PMSt + β2 PMS2
t + εt 

Polynomial + CRI  APSt =  β0 + β1 PMSt + β2 PMS2
t + β3CRI + εt 

Polynomial + RH  APSt =  β0 + β1 PMSt + β2 PMS2
t + β3RH + εt 

Polynomial + Density APSt =  β0 + β1 PMSt + β2 PMS2
t + β3Density + εt 

Polynomial + CRI + Density APSt =  β0 + β1 PMSt + β2 PMS2
t + β3CRI + β4Density + εt 

Polynomial + CRI + RH  APSt =  β0 + β1 PMSt + β2 PMS2
t + β3CRI + β4RH + εt 

2.1.2 Results and Discussion for PM Sensor Calibration 

2.1.2.1 Experimental Conditions 

During the experiments, the average temperature in the chamber was 24.8 ℃ (range: 23.2 

to 26.6℃), the RH was varied in the range of 17.5 - 79.4%, all experiments were performed at 

atmospheric pressure conditions. The one-minute APS total number concentration averaged 

237.9 #/cm3 (range: 8.5 to 985.9 #/cm3), the one-minute PM2.5 measurement from the APS and 
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PMS before calibration (6 sensors pooled together) averaged 106.0 µg/m3 (range: 1.9 to 641.3 

µg/m3) and 51.5 µg/m3 (range: 0 to 218.8 µg/m3), respectively.  

2.1.2.2 Particle Size Distribution 

The particle size distribution of each test aerosol by APS is shown in Figure 2.5. The 

NaCl particles (from the nebulized liquid solution) were the smallest among the test aerosols, 

with nearly all particles < 3 µm. The W410 mixture had slightly larger particles than W210 and 

had the same CRI as W210 [117].  

 

 

 
Figure 2.5. The normalized particle size distribution of the Arizona Test Dust (ATD), NaCl, 

W210, and W410 was measured by the APS. The median diameters of the ATD, saline, 

W210 and W410 aerosol are 0.94 µm, 0.86 µm, 0.92 µm, and 0.96 µm, respectively. 

The normalized particle size distribution of each test aerosol measured by the APS and 

the PMS was aggregated into six different size bins, as shown in Figure 2.6. For W210 and 
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W410, which had similar particle size distribution, the PMS indicated a minor difference in their 

size bin distributions. W410 had a slightly higher fraction of particles classified into larger bins 

(2.5 – 5 µm and 5 –10 µm). For all aerosols and all tested concentrations, the PMS categorized 

some small fractions of particles into larger size bins (2.5–5 µm and 5–10 µm), which is not 

consistent with the APS measurements (Figure 2.6). Overall, the PMS appeared to underestimate 

particle counts for the size bin 0.5–1 µm and 1–2.5 µm by a factor of 0.9 and 0.7, respectively. 

For larger size bins (2.5–5 µm and 5–10 µm), the PMS significantly overestimate the particle 

counts by a factor of 6 to 34 and 786 to 2097, respectively. The PMS also overestimated the 

counts in the 0.3–0.5 µm size range compared to the APS (all particles <0.523 µm). PMS reflects 

the overall trends in particle size distribution; however, the absolute number concentration and 

particle sizing do not agree with the reference instrument. Thus, calibrations based on various 

aerosol types and environmental conditions are needed if PMS is used for PM concentration 

assessment.   

 
Figure 2.6. A comparison of the normalized size bin distribution measured by the PMS and 

APS before calibration. Typical data from one of the six PMS and APS experiments with 

ATD, NaCl, W210, and W410 particles 15 minutes after the aerosols were introduced into 

the chamber. APS data from bins is aggregated to reflect the size ranges reported by PMS. 
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2.1.2.3 Model Fit 

Despite the apparent shift in size distribution in Figure 2.6, a matrix of Pearson 

correlations between the PMS number concentrations (before calibration) and the APS reference 

number concentrations for different size ranges suggests a good correlation between the 

matching size bins of the two instruments (Figure 2.7). Notably, the PMS number concentration 

data correlated well with the APS for size bin up to 2.5 µm (r > 0.97). For measurement of size 

bin larger than 2.5 µm, the PMS exhibited moderate correlation with the APS (r <0.78). The 

worst correlation was observed for particles > 5 µm. 

 
Figure 2.7. Pearson correlation between the uncalibrated PMS number concentration (6 

sensors pooled together) and APS number concentration for different size ranges. 

A similar Pearson correlation matrix comparing the mass concentrations measured by the 

pre-calibrated PMS and the APS for different particle size ranges suggests a good correlation 
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between matching sizes (Figure 2.8). The PM1, PM2.5, and PM10 measurements by the PMS all 

exhibited high correlations with their corresponding sizes measured by the APS (r >0.90).  

 
Figure 2.8. Pearson correlation between the uncalibrated PMS mass concentration (6 

sensors pooled together) and APS mass concentration for different size ranges. 

Because of the close correlations between corresponding APS and PMS size-specific 

measurements (Figure 2.7 and Figure 2.8), the sizes listed in Table 2 were chosen to develop 

calibration models for both PM number concentration and PM mass concentration. For example, 

APS size bin > 0.5 µm number concentrations was chosen as the reference (independent 

variable) for calibrating the PMS size bin > 0.5 µm number concentrations (dependent variable). 

Based on the same rationale, the corresponding APS mass concentration measurement was 

chosen as the reference for calibrating the PMS mass concentration index for mass 

concentrations. For example, APS PM2.5 mass concentration was chosen as the reference 

(independent variable) for calibrating the PMS PM2.5 mass concentration (dependent variable). 
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The assumed density for each testing aerosol in Table 2.1 was used to determine the APS mass 

concentration for the calibration of PMS. After fitting a set of alternative calibration model forms 

to the APS and PMS number concentration data, the results show excellent R2 and low NMAE 

for >0.3 µm, >0.5 µm, and >1 µm size bins when the full range of concentrations from 0 – 1000 

#/cm3 was used for fitting (Table 2.4). However, the model performance was worse for larger 

size ranges, i.e., >2.5 µm, >5 µm, and >10 µm size bins. Based on the previous findings on the 

impacts of relative humidity on optical particle sensor output and particle optical properties, the 

models adjusted for CRI and RH were considered in addition to the linear model, see Table 2.4. 

Interestingly, for most size ranges, the relatively simple linear model without the CRI dependent 

term performed nearly as well as the models with the additional parameters. Although based on 

the BIC, the optimal models still included CRI and RH in some cases. The table also includes the 

performance of models based on the lower concentration data (data points with APS total 

number concentration <100 #/cm3). These models do not perform as well even when applied to a 

lower range of particle concentrations. The summary of other number concentration models 

fitted in this study is included in the appendix of this dissertation (Table 6.1). 

Table 2.4. Summary of the calibration model for number concentration, R2, Bayesian 

information criterion (BIC), and the calibration model's normalized mean absolute error 

(NMAE).  

Indices Equation Regression a R2 BIC NMAE 

Full concentration range (APS total number concentration 0 – 1000 #/ cm3) (n = 4,134) 

>0.3 µm 
Linear y = 5.93 x 0.99 78723 2.20% 

Linear + CRI + RH y = 6.00 x – 1090 CRI + 28.23 RH 0.99 78567 2.06% 

>0.5 µm 
Linear y = 14.17 x 0.98 79716 2.92% 

Linear + CRI + RH y = 14.40 x - 1434 CRI + 40.68 RH 0.98 79518 2.78% 

>1 µm 
Linear y = 14.85 x 0.96 76002 2.88% 

Linear + CRI + RH y = 14.98 x - 784.93 CRI + 26.40 RH 0.97 75884 2.89% 

>2.5 µm 
Linear y = 2.20 x 0.66 62906 3.87% 

Linear + CRI + RH y = 2.42 x - 156.71 CRI + 3.38 RH 0.68 62695 3.95% 
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>5 µm 
Linear y = 0.11 x 0.31 38958 2.71% 

Linear + CRI + RH y = 0.14 x - 2.41 CRI - 0.06 RH 0.33 38848 2.83% 

>10 µm 
Linear y = 0.11 x 0.70 8117 3.66% 

Linear + CRI + RH y = 0.14 x - 2.41 CRI - 0.06 RH 0.71 8000 3.68% 

Lower concentration range (APS total number concentration < 100 #/ cm3) (n = 1,838) 

>0.3 µm 
Linear y = 4.84 x 0.97 30263 7.96% 

Linear + CRI + RH y = 4.94 x - 358.12 CRI + 13.68 RH 0.97 30235 7.94% 

>0.5 µm 
Linear y = 14.17 x 0.93 30285 10.39% 

Linear + CRI + RH y = 10.83 x - 385.61 CRI + 18.91 RH 0.94 30234 10.23% 

>1 µm 
Linear y = 14.85 x 0.92 26963 8.50% 

Linear + CRI + RH y = 11.10 x - 105.04 CRI + 10.59 RH 0.93 26713 7.57% 

>2.5 µm 
Linear y = 2.20 x 0.60 14298 7.73% 

Linear + CRI + RH y = 0.45 x - 8.38 CRI + 0.48 RH 0.66 14018 7.22% 

>5 µm 
Linear y = 0.11 x 0.35 -2612 11.52% 

Linear + CRI + RH y = 0.003 x + 0.007 CRI + 0.002 RH 0.44 -2869 11.91% 

>10 µm 
Linear y = 0.11 x 0.19 -5846 15.16% 

Linear + CRI + RH y = 0.002 x + 0.003 CRI + 0.0003 RH 0.22 -5920 17.91% 
a y: APS measurement; x: PMS measurement.  

Definition of abbreviations: n = number of datapoints; CRI = complex index of refraction; RH = relative humidity; 

BIC = Bayesian information criteria; NMAE = normalized mean absolute error.  

 

For fitting mass concentration data, an additional quadratic term was included, shown in 

Table 2.5. As with the number concentration models, restricting the mass concentration model to 

only lower concentrations resulted in worse performance than the entire concentration range. The 

optimal models include particle properties and environmental conditions (CRI, density, and RH). 

The improvements in NMAE for models with CRI, density, and RH terms compared to the 

relatively simple linear models without these added parameters tended to be larger than observed 

for the number concentration models. The summary of other mass concentration models fitted in 

this study is included in the appendix of this dissertation (Table 6.2). 

Table 2.5. Summary of the calibration model for mass concentration a, R2, Bayesian 

information criterion (BIC), and the calibration model's normalized mean absolute error 

(NMAE).  

Indices Equation Regression b R2 BIC NMAE 
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Full concentration range (APS total number concentration between 0 – 1000 #/ cm3) (n = 4,134) 

PM1 

 

Linear y = 1.06 x 0.96 25852 3.11% 

Polynomial y = 0.76 x + 0.007 x2 0.97 24480 2.41% 

Linear + CRI + density y = 1.13 x + 13.88 CRI - 10.13 density 0.97 24181 2.84% 

Polynomial + CRI + density y = 0.83 x + 0.01x2 + 14.44 CRI - 9.58 density 0.98 23432 2.33% 

PM2.5 

Linear y = 2.29 x 0.94 42435 4.53% 

Polynomial y = 1.55 x + 0.006 x2 0.96 41341 3.41% 

Linear + CRI + RH y = 2.51 x - 23.27 CRI + 0.36 RH 0.95 41565 4.07% 

Polynomial + CRI + RH y = 1.80 x + 0.004 x2 - 15.55 CRI + 0.42 RH 0.96 41152 3.44% 

PM10 

Linear y = 1.53 x 0.85 49963 3.56% 

Polynomial y = 0.72 x - 0.003 x2 0.88 48959 2.61% 

Linear + CRI + RH y = 1.69 x - 39.14 CRI + 0.56 RH 0.87 49544 3.31% 

Polynomial + CRI + RH y = 0.73 x + 0.003 x2 - 17.94 CRI + 0.75 RH 0.88 48931 2.61% 

Lower concentration range (APS total number concentration < 100 #/ cm3) (n = 1,838) 

PM1 

 

Linear y = 0.72 x  0.90 6211 10.10% 

Polynomial y = 0.91 x - 0.02 x2 0.91 6053 9.23% 

Linear + CRI + density y = 0.57 x + 4.80 CRI - 2.68 density 0.93 5746 8.16% 

Polynomial + CRI + density y = 0.80 x - 0.02 x2 + 4.93 CRI - 2.95 density 0.93 5694 8.08% 

PM2.5 

Linear y = 1.10 x 0.91 11170 9.14% 

Polynomial y = 1.34 x - 0.01 x2 0.91 11087 8.80% 

Linear + CRI + RH y = 0.97 x -1.87 CRI + 0.16 RH  0.92 10890 8.01% 

Polynomial + CRI + RH y = 1.14 x - 0.006 x2 - 2.43 CRI + 0.17 RH  0.92 10885 7.97% 

PM10 

Linear y = 0.63 x  0.89 11878 9.30% 

Polynomial y = 0.86 x - 0.01 x2 0.90 11686 8.53% 

Linear + CRI + RH y = 0.54 x - 2.15 CRI + 0.20 RH 0.91 11627 8.01% 

Polynomial + CRI + RH y = 0.78 x - 0.004 x2 - 3.57 CRI + 0.21 RH 0.91 11461 7.75% 
a  APS mass concentration was obtained assuming aerosol densities mentioned in Table 2.1 
b y: APS measurement; x: PMS measurement 

Definition of abbreviations: n = number of datapoints; CRI = complex index of refraction; RH = relative humidity; 

BIC = Bayesian information criteria; NMAE = normalized mean absolute error. 

 

Figure 2.9 shows a comparison between the pre-calibrated and post-calibrated PMS and 

APS particle number densities for full and lower concentration ranges. The pre-calibrated (OEM) 

number concentration vs. APS exhibits a linear trend over the entire range for all aerosols; 

however, the PMS underestimates the number of particles. The calibration significantly improves 

the agreement demonstrating the importance of calibration and the accuracy gains from applying 
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calibrations. The simple linear relationship shows excellent agreement over the entire range of 

particle concentration and properties, the fitting parameter are shown in Table 3.  

 
Figure 2.9. A comparison of the pre-calibrated and post-calibrated number concentration 

by full and lower concentration range. The blue line represents the 1:1 relationship 

between the PMS and APS concentration. 

For mass concentration shown in Figure 2.10, the PMS mass concentration does not 

increase linearly, especially at higher concentrations. We do not have a satisfactory explanation 

for the non-linear trend when using the OEM calibration. Also, we observed a notable 

discrepancy in the PMS and APS relationship between ATD and other test aerosols, which may 

be related to a wide range of particle CRI in ATD. The graphical comparison is consistent with 
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our results from Table 4 that shows lower NMAE for the models with a quadratic term. Overall, 

the mass concentration models adjusted for particle and environmental specific properties such 

as CRI, density, RH, and adjustment for non-linearity, seem necessary.  

 
Figure 2.10. A comparison of the pre-calibrated and post-calibrated mass concentrations 

by full and lower concentration range. The blue line represents the 1:1 relationship 

between the PMS and APS concentration. 

2.1.3 Conclusions on PM Sensor Calibration 

This study evaluated the PMS sensors and reported the calibration algorithm for both 

number concentration and mass concentration. We found that the number concentrations can be 

corrected using a simple linear model, and mass concentrations can be better corrected using a 

polynomial model. However, the BIC indicates that the models with particle properties and 
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environmental parameters are technically superior. When restricting the fit to the lower 

concentration, the model’s accuracy decreases for both number and mass concentration, and the 

larger size bins tended to have higher errors. In addition, environmental conditions related to 

real-world scenarios need to be considered when applying these models. We used particles in a 

relatively narrow range of CRIs, morphologies, and densities, and our RH was restricted within 

20% - 80%. If the particle properties and environmental conditions of interest are significantly 

different from the tested scenarios, one may need to consider these effects. Despite these 

limitations, this study has significant implications, especially for using these sensors in high 

concentration environments, including indoor air quality monitoring, occupational/industrial 

exposure assessments, wildfire smoke, or near-source monitoring scenarios. Since the test 

aerosols used in this study are applicable for several occupational health scenarios, a better 

exposure assessment could be achieved. In applying near-source and indoor air quality 

monitoring where field calibration might be challenging, these low-cost sensors, along with the 

calibration algorithms developed within a higher concentration range applied, could substitute 

for the traditional gravimetric instruments to provide accurate results air quality data. 

 

2.2 NETWORK OF LOW-COST AIR QUALITY SENSOR FOR MONITORING INDOOR, 

OUTDOOR, AND PERSONAL PM2.5 EXPOSURE: SEATTLE 2020 WILDFIRE CASE 

STUDY 

Exposure to wildfire smoke has been linked to an increased risk of cancer and 

cardiorespiratory morbidity and mortality. Typical epidemiological studies are not based on 

individual exposure data. Recently, low-cost air quality sensor networks have been used to 

identify pollution sources and hotspots, given their ability to capture high spatiotemporal 



43 

 

resolution data. The increased frequency of wildfires in the Western United States has raised 

public awareness of the impact of wildfire smoke on air quality. Evidence-driven interventions 

can alleviate the impact of wildfire smoke on human health. This feasibility study demonstrates 

the use of a network of low-cost air quality sensors to gather indoor and outdoor PM2.5 data to 

determine indoor/outdoor (I/O) PM concentration ratios and personal exposure levels. During 

September 2020, we deployed seven pairs of indoor and outdoor PM monitors in households and 

office spaces in the urban Seattle area, along with a personal exposure monitor worn by a 

subject. The data collected from this study showed that households equipped with high-

efficiency particulate air (HEPA) filters and HVAC filtration systems had significantly lower I/O 

PM concentration ratios compared to those without air filtration; median I/O ratio of 0.43 vs. 

0.82, PM2.5 reduction of 58 % vs. 20%, respectively. The outdoor PM sensors showed a high 

correlation to the nearby Puget Sound Clean Air Agency monitoring stations (R2 = 0.93). The 

personal monitor showed high variance in PM measurements as the subject moved through 

different microenvironments and could not be fully characterized by the relatively sparse 

network of indoor or outdoor sensors. A researcher with the knowledge of personal PM took 

adjusted filters placement in residence based on the low-cost sensor data, which led to a 61% 

PM2.5 reduction compared to the home-based outdoor monitor.  The findings suggest that more 

effective wildfire smoke interventions might be developed with wearable personal exposure 

monitors and the space-resolved PM concentration data available to people. 

2.2.1 Materials and Methods for Sensor Network Wildfire Smoke Study 

2.2.1.1 PM Monitor 

The PM sensor Plantower PMS A003 (Beijing Plantower Co., Ltd, China; referred to as 

PMS hereafter) was incorporated in each monitor. PMS is an optical-scattering-based PM sensor. 
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A photodiode positioned normal to the excitation beam measures the light scattered by the 

particles in the optical volume. The scattering light intensity is then converted to a voltage signal 

to estimate PM number concentration and mass concentration using a proprietary calibration 

algorithm. The PMS provides estimated particle number concentrations in six size bins for 

particles with the optical diameter in 0.3-10 μm (#/0.1L) range and mass concentrations (μg/m3) 

for PM1, PM2.5, and PM10. 

PMS reports the mass concentrations for two conditions: "standard" and "atmospheric", 

which changes the assumed particle density. The standard condition is designed to be used in 

specific environments, such as an industrial setting. The "atmospheric" condition has been tuned 

to measure particles commonly found in the ambient environment. In this study, PM2.5 

concentration for the atmospheric condition was measured at a 10-second interval. The same 

hardware was also used as a wearable monitor. One lab member from our research group wore 

the monitor on the left arm during daily activities throughout the wildfire event, including the 

occasional commute to the workplace from home. GPS data was used to coordinate the personal 

monitor data to a specific location and attribute the PM exposures to the participant’s 

microenvironment.  
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(a) (b) 

Figure 2.11. a) Exploded view of the monitor, consisting of a PMS optical particle counter 

and other environmental sensors, PCB board, LiPo battery, and screen. The electronics are 

assembled in an ABS plastic enclosure. The device dimensions are (H) 100 mm × (W) 60 

mm × (D) 25 mm and weigh 120 g; b) Personal monitor worn by a lab member.   

2.2.1.2 Sampling Sites 

To demonstrate the feasibility of using networked monitors to collect wildfire smoke-

relevant PM measurements, we deployed monitors in different locations in Seattle, as described 

below.  One lab member from our group also wore the monitor to measure the personal exposure 

to PM2.5 during the wildfire event. The study was conducted between September 10 and 

September 30, 2020, covering the wildfire episode from September 10 to September 19 and the 

11 days post the wildfire. The sampling sites included two University of Washington (UW) 

buildings and five residences in Seattle. Data from two nearby Puget Sound Clean Air Agency’s 

(PSCAA) regional air monitoring stations was used for the data correction and comparison. 

Figure 2.12 shows the locations of the sampling sites in blue color and the two nearby regional 

air quality monitoring stations set up by PSCAA in green color. We collected information about 

the sampling sites such as housing type, size, HVAC, primary indoor PM sources, and locations 

of the sensors, see Table 2.6. Among the five residences, three (L1-L3) had either portable air 

purifiers or built-in non-HEPA air filtration in HVAC systems. Location 2 (L2) had two indoor 
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monitors in separate rooms. L4 and L5 did not have air filtration devices. Both UW buildings 

(L6 and L7) were largely unoccupied during the wildfire due to the shelter-in-place order and 

were not equipped with air filtration. The time-resolved indoor/outdoor PM concentration ratio 

(I/O ratio) was calculated to compare the effectiveness of each site's wildfire intervention 

strategy. No specific instruction was given to the participants.  

 
Figure 2.12. Locations of the sampling sites for this study in the urban Seattle area were 

marked in blue on the map; Two nearby public air quality monitoring stations from 

PSCCA were marked in green. 

Table 2.6. General characteristics of the sampling sites. 

Location ID 
Housing 

Type 
Size (sq.ft) HVAC HEPA 

Window 

Opening 
Indoor PM Sources a 

L1 SFH 1000 Y Y Sometimes Occasional cooking 

L2-a 
SFH 1200 Y Y No Occasional cooking 

L2-b 

L3 SFH 2000 Y Nb No Occasional cooking 

L4 SFH 1300 Y N Always Frequent cooking 

L5 Apartment 500 N N Sometimes Occasional cooking 

L6 Office 135 Y N No N/A 

L7 Office 144 Y N No N/A 
a Self-reported information 
b Electrostatic precipitator built in the HVAC 

Definition of abbreviation: SFH = single-family home; Y = Yes; N= No; sq.ft = square feet 
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2.2.1.3 Analysis PM Data 

We minimized the data discrepancy caused by the instrument difference by correcting the 

low-cost sensor data against the regional air quality monitoring stations. We corrected the data in 

this study against the PSCAA regional monitors using a subset of the data from the outdoor 

sensor outside a UW building (L6) during the wildfire event. We chose the data from this 

location for the correction because L6 had minimum local activities that may influence PM2.5 

measurement compared to the other sampling sites. The building was unoccupied during the 

wildfire due to the COVID lockdown (only essential personnel was allowed). It is located at least 

200 meters from main streets with minimum local activities affecting local PM concentration. 

Our previous laboratory PMS sensor calibration study shows that the sensor to sensor accuracy is 

generally within 10% of each other when PM2.5 metrics are used. [113] We aggregated the 

outdoor and indoor PM2.5 data from the sensor network into hourly averaged data for the sensor 

correction and comparing it with the regional monitor data. We used 10-minute average data for 

personal exposure monitoring. Based on our previous calibration study on the PMS sensor, both 

linear model and quadratic model can be used to calibrate PMS sensors. In the study, a linear 

model and a quadratic polynomial model were fitted using the outdoor monitor data from L7: 

𝑹𝒆𝒇 = 𝜷𝟎 + 𝜷𝟏  ∙  𝑷𝑴𝑺 (2.3) 

𝑹𝒆𝒇 = 𝜷𝟎 + 𝜷𝟏  ∙  𝑷𝑴𝑺 +  𝜷𝟐  ∙  𝑷𝑴𝑺𝟐 (2.4) 
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where 𝛽0 , 𝛽1,  and 𝛽2  are the regression coefficients, 𝑅𝑒𝑓  is the hourly reference PM2.5 

concentrations, and 𝑃𝑀𝑆 and 𝑃𝑀𝑆2 are the linear and quadratic coefficients, respectively. The 

fits with zero intercept (𝛽0 = 0) and non-zero intercept (𝛽0 ≠ 0) were tested. The Bayesian 

Information Criterion (BIC) was used to select the correction model.  

To compare the indoor and outdoor PM2.5 concentrations during the wildfire period and 

post the wildfire event, the data was first divided into two subsets: the wildfire (September 10 

00:00 – September 19 00:00, 2020) and the post-wildfire period (September 19 00:00, 2020 – 

September 30 00:00, 2020). We conducted the Wilcoxon signed-rank tests (for paired 

comparison) to compare the differences between the indoor and outdoor PM2.5 concentrations 

during the wildfire period. In addition, the I/O ratios were calculated as the indicator of 

infiltration of wildfire smoke, the effectiveness of the interventions (for households with 

interventions), and indoor activities. The reduction rate of PM2.5 during the wildfire period for 

each site and the personal exposure was calculated as 

𝑹𝒆𝒅𝒖𝒄𝒕𝒊𝒐𝒏 𝑹𝒂𝒕𝒆 =
𝑶 − 𝑰

𝑶
% (2.5) 

where 𝑂 is the outdoor PM2.5 concentration during the wildfire event, and 𝐼  is the indoor or 

personal PM2.5 concentration during the wildfire event.  

To evaluate the contribution of each microenvironment to total personal exposure, we 

attributed the personal daily PM2.5 exposures to the microenvironments using GPS data. The raw 

PM2.5 data from the wearable monitor was first aggregated into 10-min average data to reduce 

the data size without losing too much spatial resolution. The geocoordinates, recorded in 

conjunction with the PM2.5 concentration', were grouped into three classifications: home, office, 

and other where the lab member spent most of the time during the wildfire event. We defined the 
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buffer zones encircled the home and the office building with a 10-meter clearance to minimize 

the classification error caused by the GPS drift. Records collected outside these two buffer zones 

were classified as "other locations". The PM2.5 exposures attributed to each microenvironment of 

each day was calculated using the following equation:  

𝑨𝑪𝒌𝒋
=  

𝑪𝒌𝒋
 ×  𝑭𝒌𝒋

∑ 𝑭𝒌𝒋
𝒏
𝒌=𝟏

 (2.6) 

where 𝐴𝐶𝑘𝑗
 represents the attributable exposures of microenvironment 𝑘  to the total personal 

exposure on day 𝑗; 𝐶𝑘𝑗
 is the hourly average PM2.5 concentrations of microenvironment 𝑘 on day 

𝑗 ; and 𝐹𝑘𝑗
 is the fraction of time spent in microenvironment 𝑘 on day 𝑗. 

2.2.2 Results and Discussion for Sensor Network Wildfire Smoke Study 

2.2.2.1 Low-cost Sensor Correction 

The data from the L6 outdoor sensor shows a good agreement with the regional monitors 

with the pre-calibration R2 = 0.92. Similar to our previous calibration study for PMS with 

inorganic aerosol [113], the linear model shows the lower root-mean-square-error (RMSE) and 

BIC. The overall RMSE improves from 18.47 μg/m3 to 14.35 μg/m3 against the regional 

monitors. We did not observe a significant improvement from using a quadratic polynomial 

model. Thus, we chose the linear model for the PM2.5 correction. The data from all the other 

sensors for the following analysis was corrected with this linear model. Note that while the PM2.5 

correction agrees with reference monitors using the linear model, the particle number density 

data from the sensor were not evaluated for wildfire smoke. The particle size-dependent data 

from low-cost optical sensors are significantly influenced by the particle index of refraction, 
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particle morphology, particle loading, sensor geometry, and environmental conditions [113, 119-

123]. 

 
Figure 2.13. Scatter plot of the calibrated and reference PM2.5 data. The green line 

represents the 1:1 relationship between the low-cost sensor and reference monitor 

concentration with the post-calibration R2 = 0.94. 

2.2.2.2 Time-resolved PM Concentrations 

To observe differences between indoor, outdoor and regional monitor PM2.5 

concentrations, Figure 2.15 shows 1-hour averages of PM2.5 concentrations measured by the 

calibrated PMS sensor network and the regional monitors during the wildfire. The data collected 

during the wildfire is divided into indoor and outdoor categories. The indoor data is further 

divided into HEPA (L1-L3) and Non-HEPA (L4-L7) subcategories to show the influence of 

interventions on PM2.5 concentrations. The shaded areas represent one standard deviation (1σ) of 

the measurements. The data from the outdoor monitors closely match the reference monitors. 

The correlation between the outdoor PM concentration from the sensor network and the one form 

reference monitors is 0.92 when corrected by the calibration model. In some cases, the sensor 

network reported higher PM concentration likely due to the local activities near some sampling 
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sites, which the reference monitors could not detect. The discrepancy may also be caused by the 

instrument principle of operation (optical particle counter vs. nephelometer) or averaging in 

procedures. The sensor network sampling frequency was set to 10 seconds, while the reference 

monitors' reporting frequency was 1 hour. Though the 1-hour averages were compared, see 

Figure 2.15 the temporal spikes in the sensor network data may have contributed to these 

differences. 

 
Figure 2.14. Time-series plots of averaged indoor and outdoor PM2.5 concentrations across 

different sampling sites compared to the reference monitors during the wildfire event. The 

purple and orange lines illustrate the sensors' averaged indoor PM2.5 concentrations 

measurements at sampling sites with and without HEPA filtration, respectively. The 

shading around each line shows the differences between the sensor measurements within 

each category. 

The indoor monitors from the locations with active PM filtration showed a significantly 

lower indoor PM concentration. Indoor PM levels for the sites without filters were slightly lower 

than the outdoor values. Occasional spikes in PM concentration, above the already high baseline, 

were observed due to cooking activities. Note that even with the active PM control strategies 

implemented in several households, the average PM2.5 is still above the typical (non-wildfire) 
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Seattle outdoor PM2.5 concentration (<10 μg/m3) or the EPA's recommendation for maximum 

particle exposure limit (35 μg/m3) [124, 125].  

2.2.2.3 Detailed PM Concentrations 

A case-by-case analysis is presented below to provide insight into the effectiveness of 

aerosol mitigation strategies and the significance of sensor numbers and placement within the 

residence. Figure 2.15 shows the 1-hour average indoor and outdoor PM data for all sites during 

the wildfire with the average PM2.5 from the two public monitors in green color for comparison. 

The post-wildfire PM2.5 measurements show that many outdoor PM2.5 concentration spikes were 

caused by local activities, which the regional monitors did not capture. The time-resolved PM2.5 

concentration for the post-wildfire period can be found in Figure 6.1 and Figure 6.2.  
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Figure 2.15. Time-series plots of indoor and outdoor PM2.5 concentrations compared to the 

reference monitors for each sampling site during the wildfire. The blue and red lines 

illustrate the sensors' indoor and outdoor PM2.5 concentrations measurements, and the 

green line illustrates the averaged PM2.5 measurements from the nearby regional 

monitoring sites. 
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Figure 2.16. Time-series plots of indoor and outdoor PM2.5 concentrations compared to the 

reference monitors for each sampling site post the wildfire. The blue and red lines illustrate 

the sensors' indoor and outdoor measurements, and the green line illustrates the averaged 

PM2.5 measurements from the nearby regional monitoring sites. 

Location L1 had the indoor monitor placed in a relatively small room (home-office ~150 

ft2) with a high-volume HEPA filter for the entire wildfire episode. This strategy resulted in the 

lowest local I/O ratio (0.1-0.2); however, data for other locations (e.g., bedrooms, living room) 

within the residence are not available, which is problematic for assessing overall personal 

exposure to PM. For I/O analysis, reference Figure 2.18.   

The residents from L2 had the two monitors in separate rooms: L2a was placed in a large 

living room (~350 ft2) and L2b - in the home office (120 ft2). Two stand-alone HEPA filtration 

units were used: one in the living room, the other was moved from the office to the bedroom at 

nighttime. The data from the living room has relatively low variance; however, the larger room 

was not effectively cleaned by the undersized filtration unit, I/O stayed relatively constant ~0.5.  

When the filtration unit was positioned in the office, the I/O ratios drop significantly ~0.2; 
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however, when the filter was moved from the home office to the bedroom, the PM increased to 

the level of the adjacent living room.  The fixed sensor did not monitor the bedroom; however, 

the wearable sensor has recorded significant PM reduction in the bedroom during the night 

periods (I/O~0.1), see Figure 2.18 and  

Table 2.8．Summary of the indoor and outdoor PM2.5 levels (µg/m3) during wildfire and 

post-wildfire period for each sampling site. 

Location 

ID 

Indoor (Wildfire) 
Outdoor 

(Wildfire) 

Indoor 

(Post-Wildfire) 

Outdoor 

(Post-Wildfire) 
Wildfire PM2.5 

Reduction a (%) 
Mean Max Mean Max Mean Max Mean Max 

L1 23.09 46.63 120.9 236.55 1.22 4.94 1.36 10.48 77.22 

L2-a 64.96 163.1 128.78 228.28 2.31 55.7 4.04 31.44 46.67 

L2-b 46.85 110.79 128.78 228.28 1.7 25.84 4.04 31.44 59.48 

L3 54.08 137.91 116.33 204.99 1.3 25.08 3.15 79.68 49.57 

L4 115.44 438.35 143.52 238.63 2.2 24.34 2.24 13.43 13.3 

L5 88.16 171.4 125.26 227.35 4.28 78.25 2.17 10.59 28.83 

L6 100.52 166.93 121.82 230.82 2.98 31.78 1.59 12.19 15.7 

L7 91.23 188.81 119.08 217.62 0.85 14.15 2.12 10.24 21.42 
a Calculated using the indoor and outdoor PM2.5 levels during the wildfire event. 

. 

The L3 had an electrostatic precipitator installed in the HVAC system. The HVAC 

system was controlled by a thermostat, which explains the periodic pattern of the PM 

concentration. The PM concentration (measured in the bedroom) dipped when the forced-air 

HVAC system was activated during the daytime. During the nighttime, the indoor PM levels 

went up. Note that if filtration units were placed in the bedroom, the overall exposure could be 

reduced significantly; however, the L3 residence relied on the central HVAC system to control 

temperature and the PM levels.  

L4 site kept their kitchen windows open during the wildfires, which explains the highest 

background indoor PM level among all the sampling sites. L4 indoor monitor was placed in the 

kitchen where it detected the spikes from cooking activities in addition to the high background 

level from wildfire smoke intrusion. L4 outdoor sensor stopped working three days after the 

deployment because it was accidentally unplugged. I/O ratio for L4 was calculated using the data 
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collected before September 13 for the wildfire period and the data collected between September 

19 and September 22 for the post-wildfire period.  

L5 had the monitor placed in the apartment’s kitchen/living room area (200ft2), which 

had a low-grade filter in the HVAC system. PM concentration was lower than the outdoor level 

most of the time wildfire but higher than other residences with high-efficiency filtration units.  

L6 and L7 are two UW buildings with HVAC systems but low-grade filtration units. The data is 

similar to the L5 residential site. The buildings were largely unoccupied during the wildfire due 

to the COVID lockdown, and the windows were closed. The indoor PM2.5 at L6 and L7 are lower 

than outdoor. The I/O ratios were very similar to L5 (~0.7-0.8). 

 
Figure 2.17. Boxplot of hourly PM2.5 I/O ratios for each sampling site. The white and black 

boxes show the data from wildfire and post-wildfire periods, respectively. 

Figure 2.17 compares the hourly PM2.5 indoor/outdoor (I/O) ratios of different monitoring 

sites during and after the wildfire. During the wildfire episode, the average I/O ratio across all 

seven sites was 0.62. The mean and median I/O ratios were all < 1 during the wildfire and post-

wildfire periods. Compared with the post-wildfire period, the I/O ratio during wildfire was 

higher by 36% on average (p < 0.05). Sites with air filtration (L1, L2-a, L2-b, and L3) and sites 

without air filtration (L4- L7) had an average I/O ratio of 0.43 and 0.82, respectively. Overall, 
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sites with air filtration had I/O ratios lower by 47% and 14% on average than those without it 

during and after a wildfire, respectively. See  

Table 2.7. The maximum I/O ratios during the post-wildfire period were generally higher 

than those during the wildfire episodes due to the lower outdoor PM2.5 concentrations and the 

change in residence behavior, e.g., (i) the filters were turned off (ii) door and window we open 

more often. 

Table 2.7. Summary of the PM2.5 I/O ratios during and post the wildfire for each sampling 

site. 

ID 
I/O ratios (Wildfire) I/O ratios (Post-wildfire) 

Min Median (IQR) Mean (SD) Max Min Median (IQR) Mean (SD) Max 

L1 0.1 0.21 0.23 0.74 N/A 0.13 0.54 193.38 

L2-a 0.18 0.52 0.54 1.41 N/A 0.12 0.24 287.68 

L2-b 0.04 0.40 0.41 1.09 N/A 0.05 0.22 49.08 

L3 0.10 0.46 0.54 5.23 N/A 0.17 0.43 2599.18 

L4 0.73 0.86 0.88 1.44 0.06 0.32 0.46 7.17 

L5 0.51 0.69 0.73 1.93 N/A 0.22 0.40 880.27 

L6 0.57 0.84 0.86 3.62 0.03 0.33 0.54 23.75 

L7 0.44 0.80 0.80 1.71 N/A 0.15 0.27 2.92 

Definition of abbreviations: IQR = interquartile range, SD = standard deviation 
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Table 2.8 lists the mean and maximum PM2.5 for each sampling site during and after the 

wildfires. PM2.5 reduction was calculated for each site based on the difference between the 

average indoor and outdoor PM2.5. The maximum PM2.5 reduction observed in the study is 77% 

for L1, where the relatively small “clean room” environment was created and monitored. The 

L2b, also located in the small room, had a near 60% reduction in PM concentration; however, the 

air filter was removed to a different location was the room was not occupied. The L2a location 

had the filter on for the entire time, but the filtration rate did not match the room air volume. The 

PM reduction was ~50%, similar to the central air filtration HVAC system at L3. The sampling 

site L4 without any air filtration system and the windows open had only a 13% reduction. Only a 

moderate reduction in PM levels (16-29%) was observed when low-grade PM filers were used at 

L5, L6, and L7 sites. 

Table 2.8．Summary of the indoor and outdoor PM2.5 levels (µg/m3) during wildfire and 

post-wildfire period for each sampling site. 

Location 

ID 

Indoor (Wildfire) 
Outdoor 

(Wildfire) 

Indoor 

(Post-Wildfire) 

Outdoor 

(Post-Wildfire) 
Wildfire PM2.5 

Reduction a (%) 
Mean Max Mean Max Mean Max Mean Max 

L1 23.09 46.63 120.9 236.55 1.22 4.94 1.36 10.48 77.22 

L2-a 64.96 163.1 128.78 228.28 2.31 55.7 4.04 31.44 46.67 

L2-b 46.85 110.79 128.78 228.28 1.7 25.84 4.04 31.44 59.48 

L3 54.08 137.91 116.33 204.99 1.3 25.08 3.15 79.68 49.57 

L4 115.44 438.35 143.52 238.63 2.2 24.34 2.24 13.43 13.3 

L5 88.16 171.4 125.26 227.35 4.28 78.25 2.17 10.59 28.83 

L6 100.52 166.93 121.82 230.82 2.98 31.78 1.59 12.19 15.7 

L7 91.23 188.81 119.08 217.62 0.85 14.15 2.12 10.24 21.42 
a Calculated using the indoor and outdoor PM2.5 levels during the wildfire event. 

2.2.2.4 Personal Exposure Measurement – A Case Study 

We compared the personal data measured by the wearable and the home-based monitors’ 

data to understand how personal exposure varied in different microenvironments. Figure 2.18 

shows the 10-minute average of PM2.5 concentration measured by the wearable and home-based 

sensors of the personal sensor’s wearer. Wearable sensor PM2.5 data show 10% lower exposure 
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than the home-base monitors' estimation and 61% lower than the reference monitors' estimation.  

The shaded areas mark the nighttime (10:00 pm - 6:00 am). The researcher's wearable monitor 

recorded significantly lower PM2.5 concentration at night than the other two home-based 

monitors located in the living room and the home office, which can be explained by the 

colocation of the air purifier and the wearable monitor. The lab member is an aerosol science 

researcher who constantly adjusted his interventions based on his personal PM data. The 

difference in the personal exposures, measured by the wearable and the home-based monitor, 

indicates that access to personal real-time PM concentration data can enhance the efficacy of PM 

exposure interventions. 

 
Figure 2.18. Profile of 10-minute averaged PM2.5 concentrations by the personal monitor 

(green line) and the monitors in the two bedrooms (the blue and purple line) during the 

wildfire. 

We also apportioned the lab member's exposure based on the location. Figure 2.19a 

shows the 10-minute average of PM2.5 concentration measured by the subject's sensor color-

coded based on the microenvironment. The lab member spent most of his time at home and less 

than 10% time in the workplace. Exposure outside the home and the workplace was categorized 

into other locations. The wearable monitor recorded higher PM2.5 levels in the subject's 
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workplace and other locations than at the residence. The workplace did not have an air filtration 

system. Figure 2.19b shows the weighted daily average personal exposure in different 

microenvironments. The personal exposure contribution from the workplace and other 

environments was ~50%, while the time spent in these environments was ~ 30%. The attribution 

of personal exposure to microenvironments can help plan personal activities during wildfire 

seasons. 

  

a b 

Figure 2.19. a) Time-resolved PM2.5 concentration measured by the personal monitor color-

coded based on the microenvironment the participant was in; b) Weighted daily average 

personal exposure in different microenvironments 

2.2.3 Conclusions on Sensor Network Wildfire Smoke Study 

This study demonstrated the application of a low-cost sensor network for air quality 

monitoring during the wildfire. When used with corrections, the sensor data was comparable to 

the nearest regional monitor. The significance of this finding is that the calibration model allows 

for obtaining real-world data using low-cost sensors and developing a high-density sensor 

network for monitoring outdoor PM levels and indoor environments at a low cost. Our results 

showed that during the wildfire event, the outdoor PM2.5 level was > 200 μg/m3 in the Seattle 

area; Spatial variance for PM2.5 in the urban area was low during the wildfire episode. Using 

portable air purifiers was associated with lower indoor PM2.5 levels during the wildfire episode, 
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with a 50 - 77 % reduction among the sampling sites. However, the observed levels were still 

higher than the typical outdoor PM2.5 level (< 10 μg/m3) in the region. The analysis shows I/O 

ratio was driven by the outdoor concentration and occupants’ activities, such as filtration units, 

keeping doors and windows closed or open, and PM generation activities, such as cooking. The 

personal monitoring results highlighted the influence of personal activities and 

microenvironments on an individual’s exposure to PM2.5. The hyperlocal activities significantly 

influenced personal exposure in the microenvironments. The exposure level measured by 

wearable monitors was lower than the exposure estimated by the home-based monitors due to the 

proactive behavior of the volunteer based on the available real-time personal PM data. Although 

this study is based on relatively small sample size, it demonstrated that personal action, such as 

staying indoors and using HEPA air cleaner, can potentially reduce personal exposure to wildfire 

smoke. Future studies with larger sample size and a collection of time-activity information are 

warranted to investigate the source of PM2.5 exposure and estimate the consequent health effects.  
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Chapter 3. AEROSOL SAMPLING FOR IN-SITU CHEMICAL 

ANALYSIS 

Aerosol sampling and identification are vital for assessing and controlling particulate 

matter pollution, airborne pathogens, allergens, and toxins and their effect on air quality, human 

health, and climate change. To date, a variety of devices using passive [126] and active[127] 

methods (i.e., filters, cyclones, and impactors) have been developed [128]. These methods are 

robust in capturing airborne particles but are not designed for in-situ chemical analysis 

preventing their usage in epidemiological studies and personal exposure assessment. This chapter 

presents the development and evaluation of the micro-well aerosol collection cartridge 

compatible with in-situ chemical analysis and other standard lab analyses. The work on the 

design of the microwell collection cartridge is published in Aerosol Science and technology 

[115]. The evaluation of the cartridge for the collection of biological aerosol is published in 

PlosOne [129]. 

3.1 FINE PM COLLECTION - DESIGN AND EVALUATION OF AN AERODYNAMIC 

FOCUSING MICRO-WELL AEROSOL COLLECTOR 

In-situ analysis of aerosols’ chemical and biological components on a conventional filter 

is challenging due to dilute samples in a large collection region. We present the design and 

evaluation of a micro-well (µ-well) aerosol collector to assess airborne particulate matter (PM) in 

the 0.5-to-3-micron size range. The design minimizes particle collection areas allowing for in-

situ optical analysis. It provides an increased detection limit for liquid-based assays due to the 

high concentrations of analytes in the elution/analysis volume. The design of the collector is 

guided by computational fluid dynamics (CFD) modeling; it combines an aerodynamic 
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concentrator inlet that focuses the aspirated aerosol into a narrow beam and a µ-well collector 

that limits the particle collection area to the µ-well volume. Optimizing the collector geometry 

and the operational conditions results in high concentrations of collected PM in the 

submillimeter region inside the µ-well. Collection efficiency experiments are performed in the 

aerosol chamber using fluorescent polystyrene microspheres to determine the collector's 

performance as a function of particle size and sampling flow rate. The collector has the 

maximum collection efficiency of about 75% for 1-micron particles for the flow rate of 1 slpm. 

Particles bigger than 1 micron have lower collection efficiencies because of particle bounce and 

particle loss in the aerodynamic focusing inlet. Collected samples can be eluted from the device 

using standard pipettes, with an elution volume of 10-20 microliters. The transparent collection 

substrate and the distinct collection region, independent of particle size, allows for in-situ optical 

analysis of the collected PM.  

 

3.1.1 Materials and Methods 

3.1.1.1 Impactor Geometry Consideration 

While CFD modeling can provide detailed simulations of complex flow structures and 

can be used to refine the geometry through an iterative process, it is possible to use one-

dimensional analytical modeling as a first step to identify suitable geometry parameters. 

Analytical and numerical modeling is used to optimize the following geometry parameters: (i) 

dimensions of the aerodynamic inlet, (ii) dimensions of the µ-well, and (iii) distance between the 

nozzle and the impaction plate.  

The design of the AF inlet is based on the optimal Stokes number calculations for 

focusing particles in the 1-5 µm size range. The base operating flow rate of the collector is 0.75-
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2 slpm at standard conditions (293 K, 101 kPa). In the preliminary calculations for the AF inlet 

geometry, the optimum Stk*=1 required for focusing 2-micron particles is used:  

𝑺𝒕𝒌∗ =
𝝉

𝑫𝒄/𝑼
=

𝑪𝒄𝝆𝒑𝒅𝒑
𝟐𝑼

𝟏𝟖𝜼𝑫𝒄
≅ 𝟏 (3.1) 

where: Cc is the Cunningham slip correction factor, ρp is the particle density, dp is the particle 

diameter, U is the area-averaged axial velocity magnitude at a well’s upstream location, η is the 

gas viscosity, and Dc is the characteristic dimension which, in this case, is the diameter of the 

nozzle. As a first step in selecting AF inlet geometry, the diameter of the nozzle is calculated 

based on the designed flow rate of 1 slpm. The diameter is set to be 0.8 mm to maintain the 

laminar flow regime. This diameter selection also satisfies the practical considerations of 

compatibility with standard pipette tips for sample elution. As the second step, the first stage 

inlet diameter is calculated based on the Stokes number calculation for focusing on the particles 

with aerodynamic diameters of 1-5 microns. For non-compressible flow, the velocity magnitude 

in Eq. (3.1) can be written as:  

𝑼 =
𝟒𝑸

𝝅𝑫𝟐
 (3.2) 

where Q is the volumetric flow rate, then the optimal inlet diameter can be calculated as of the 

inlet for a given particle size as:  

𝑫∗ = √
𝟒𝑪𝒄𝝆𝒑𝒅𝒑

𝟐𝑸

𝟏𝟖𝜼𝑫𝒄𝝅𝑺𝒕𝒌∗
 (3.3) 

An analytical model, based on Eq. 3, shows that a single value of D* cannot cover the 

entire range of operating conditions and particle sizes. In the numerical model, the D/W ratio of 

1.5 and 2 are considered for the aerodynamic inlet. D/W = 2 is used in the final design, as this 
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ratio has a better overall focusing effect for particles in the 1-5 µm diameter range at a lower 

flow rate (1 slpm), which is similar to Deng et al. [79]. 

Effects of the micro-well wall angle and the distance between the nozzle and the 

impaction plate are not examined analytically due to the complexity of the parameter field; 

instead, these effects are examined using CFD simulations. The well angles 30, 45, and 60-

degree and the nozzle-to-plate distances (S = 0.75 mm and 0.5 mm) are studied using CFD 

simulations. As expected, similar to Grinshpun (2005), the low ratio of S/W shows a low size 

cutoff. Although the range of values is tested, we only present data for the nozzle to plate 

distance of 0.5 mm. Note that for the µ-well designs, the nozzle to plate distance is not the same 

as the particle travel length related to the particle stopping distance, as the particle needs to 

penetrate the recirculation zone inside the µ-well sufficiently.  

 
Figure 3.1. Schematics of the computational domain for four inertial impactors: (a) base 

geometry: no focusing, flat collection plate; (b) flat plate collector with AF inlet; (c) µ-well 

collector without AF inlet; (d) µ-well collector with AF inlet. (Note: schematics are not to 

scale). 

The numerical and experimental results for each geometry are compared to the base case 

- a flat plate impactor without AF inlet and with a ratio of nozzle diameter to impaction distance 

of two (W/S=2). Figure 3.1 shows the geometries considered in the study: Figure 3.1a - the base-

collector, Figure 3.1b - AF inlet with a flat plate impactor, Figure 3.1c - the µ-well impactor 

without AF inlet, and Figure 3.1d - µ-well with the AF inlet. The diameter of the nozzle is 
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denoted as W, the length of the nozzle as T, the diameter of the first stage of AF inlet as D, the 

length of the first stage as P, the impaction (nozzle-to-plate) distance as S, and α is the angle of 

the well cone. Detailed dimensions used in the simulations are listed in Table 3.1. 

Table 3.1.  Dimensions of geometries used in the simulations (unit: mm). 

Parameter 
Case 

a b c d 

D N/A 1.6 N/A 1.6 

W 0.8 0.8 0.8 0.8 

P N/A 3.25 N/A 3.25 

T 6.5 3.1 6.5 3.1 

S 0.5 0.5 0.5 0.5 

α N/A N/A 30°, 45°, 60° 45° 

 

3.1.1.2 Numerical Modeling of the Micro-well PM Collector 

The analytical calculations used in the preliminary design help select the operating 

parameters and estimate collector performance; however, they do not provide information about 

the flow field inside the collector and cannot be used to calculate particle collection efficiency. 

CFD simulations provide insight into the particle trajectories in the complex flow field; the 

simulations are performed using a commercial software package (Fluent™ 15.0). The steady-

state, laminar, double precision solver is used to obtain the flow field. As described earlier, the 

range of flow rates is limited to the laminar flow regime (Re < 2300) in all cases. A second-order 

upwind convergence scheme is used to avoid the numerical viscosity associated with first-order 

convergence schemes in the CFD simulations. The primary use for the calculations is to examine 

the behavior of the flow and the particle trajectories near the impaction region. A coupled 

pressure-velocity solver scheme is used in all simulations. The boundary conditions are set as 

uniform inlet velocity profiles as calculated to match the target flow rate and pressure outlet with 

zero-gauge pressure. The walls are modeled as a no-slip boundary. Dry air properties at 293 K 
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and 101 kPa are used in the simulations. Although the design of the collector is based on the 

flow rates in the range 0.75-2 slpm, only the results for 1 slpm are presented here.  

The flow field is calculated using a 2D structured mesh; the mesh is refined near the AF 

inlet, near the impaction plate, and in the µ-well region to obtain mesh independence in the CFD 

solution. The resulting model contains about 30,000 quadrilateral cells; further refinement in the 

mesh density did not affect the flow behavior, boundary layer profiles, or particle collection 

efficiency. Simulations are run until all residuals reach their plateau at levels of at least ten 

orders of magnitude below the initialization level.  

Particle trajectories are calculated using the Discrete Phase Models (DPM) after the flow 

field is obtained. Stoke-Cunningham drag law is used in particle trajectory calculation. In this 

Lagrangian approach, the particles are treated as a discrete phase dispersed in the continuous 

fluid flow. This particle tracking technique was chosen due to its ability to handle the relevant 

forces acting on the particles and accurately model particle behavior near the wall. Due to the 

dilute nature of atmospheric aerosols, the particles do not appreciably affect the fluid flow, so 

two-way coupling is not considered. The DPM model uses 100 liquid water particles (particle 

density ρp=998.2 kg/m^3). To model uniform particle concertation at the collector inlet in the 

axisymmetric simulation, the geometry inlet is divided into five equally spaced sections, 

representing concentric rings in 3 dimensions. The number of particles introduced in each section 

is proportional to the area of the ring (injection plane). The particles of the prescribed diameter 

are released with zero velocity, which allows for the tracking of individual particles, the 

correlation of their trajectories with the initial injection point, and assessing the effectiveness of 

the aerodynamic focusing. In this work, only aerodynamic drag is considered in the analysis of 

particle motion. Other mechanisms, such as gravitational settling, electrostatic forces, Brownian 
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diffusion, and thermophoretic and Safman forces, are neglected due to their insignificance 

compared to the aerodynamic drag. Particles are assumed to be trapped upon contact with the µ-

well or the 1 mm diameter collection area for the flat plate case. In the AF inlet cases, particles 

that contact the forward-facing step of the AF inlet are considered to be lost. The wall condition 

elsewhere is set to the “bounce” boundary condition. The number of particles trapped in the well 

or the collection area is recorded for each particle size. The collection efficiency (ε) is 

determined by the fraction of particle trajectories intercepted by the impaction plate or the µ-

well. 

3.1.1.3 Micro-well Collection Efficiency Testing 

The experimental study to assess the collection efficiencies of the design is performed for 

several geometries and the range of operating conditions. The inlet and outlet manifold of the 

collector prototypes are fabricated using 3D printing techniques, and the µ-well is fabricated by 

the precision drilling of a microscope slide (see Figure 3.2a). Figure 3.2b shows the critical 

dimensions of the optimized collector used in the experiments. To precisely control the final 

dimensions and the surface roughness of the collector nozzle, an additional finishing step is 

required; the dimensions of the nozzles are checked using optical microscopy for proper 

tolerances. The µ-well is fabricated in a standard 75 mm × 25 mm × 1 mm microscope slide 

using diamond cutting tools with the specified cutting angle. The wells are examined for 

reproducibility to confirm the dimensions. While several different geometries are tested in the 

preliminary study, the final choice for the µ-well is a cone shape with a diameter of 1 mm and a 

depth of 0.5 mm (45-degree angle), as shown in Figure 1. A 0.5 mm thick silicone gasket 

provides the proper nozzle to plate distance, the seal between the nozzle, and the impaction plate. 

All collectors are checked for vacuum seal before conducting the experiments. 
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The assembled collectors are tested in the aerosol chamber, as shown in Figure 3.3. All 

reported experiments are performed at 1 slpm sampling flow rate with fluorescent monodisperse 

polystyrene latex (PSL) particles (Fluoresbrite® YG Microspheres, Polysciences, Inc., 

Warrington, PA); particle sizes are 0.5, 0.75, 1, 2, and 3 µm (density 1.05 g/cm3).  There are 

three reference filters (Spectrum Poretics® polycarbonate membrane filters, 47mm, 0.1, 0.6 um 

pore sizes) in open face aerosol filter holders (EDM Millipore, Billerica, MA, model 

XX5004710) collect particles in each experiment. 

  

a b 

Figure 3.2. (a) 3D assembly of the µ-well collector used in the experiment and (b) drawing of 

the collector with AF inlet used in the study (unit: mm). 
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Figure 3.3. Photograph of the assembled impactors and reference filters in the aerosol 

chamber. 

 

 

A stock particle solution (typically 2-3% solid fraction) is diluted 100x in distilled water. 

During the experiment, about 5 ml of the prepared solution is nebulized from the liquid 

suspension using the MADA Up-Mist™ Medication nebulizer (MADA Products, Carlstadt, NJ) 

inside the chamber. The aerodynamic particle sizer (APS 3321, TSI, Shoreview, MN) is used to 

verify the particle size and monitor the particle concentration in the chamber. APS measurements 

confirm that there is no significant aerosol agglomeration during the experiment. The typical 

particle concentration for particles smaller than 2 µm is between 5000 and 7000 particles/cm3. 
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Two mixing fans inside the chamber maintain uniform particle distribution; the humidity inside 

the chamber is set to be 50%.  

  
a b 

Figure 3.4. Collection sites for 0.75 µm particles. The particles are collected on the flat 

plate, the particles collected outside the prescribed area (diameter of the micro-well) are 

removed by wiping.  (a) as collected; (b) after removing particles from outside the 

collection area. 

The collection efficiencies are calculated by comparing the bulk fluorescence of particles 

captured on the reference filters and in the collector, similar to Kesavan, et al. [130]. In all cases, 

only the particles collected in the µ-well for µ-well cases and the defined area (about 1.5 mm in 

diameter) for flat plate cases are considered. To eliminate the influence of particles impacted 

outside the µ-well, the area around the µ-well and the defined area are cleaned with the pointed 

tip wet cotton swab (22CW73, LSS, Lake Forest, IL). A typical collection site for the flat plate 

collector before and after wiping can be seen in Figure 3.4, which shows that most of the 

particles were preserved from wiping. Although wiping can introduce some human error, the 

results show very high repeatability. Particles in µ-wells as well as on the reference filters are 

first eluted with 10 mL of 0.05% Tween 20 solution using 50 mL centrifuge tubes. The 

centrifuge tubes containing microscope slides and reference filters are first placed in an 

ultrasonic bath for 5 minutes, followed by 5-minute shaking in a vortexer. Additional elution 
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steps do not produce any significant increase in fluorescent signal. A 2 mL volume aliquot of 10 

mL volume is then transferred into a 12 mm × 75 mm borosilicate glass cuvette, and the solution 

fluorescence is measured with the spectrofluorometer (Sequoia-Turner model 450). The 

calibration of the spectrofluorometer and the flow meters is confirmed before and after each 

experiment. 

3.1.2 Results and Discussion 

3.1.2.1 Numerical Results for the Effect of Micro-well Angle 

 

 

 

 

 

 
 

 
a b c d 

Figure 3.5. Top: Streamlines; Bottom: Trajectories of 1.5 μm particles released from same 

locations for different impactors, flow rate is 1slpm: (a) Flat impactor; (b) 30 degree; (c) 45 

degree; (d) 60 degree µ-well impactor. Note: only half of the geometry is shown; dash lines 

are axial-symmetric axes (Nozzle diameter: 1 mm; Re=1815). 

The flow recirculation zones and the uncertainty about the particle position in the flow 

field significantly hamper the ability to study the effect of the µ-well angle on the particle 
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trajectories using analytical methods. One can gain insight into the details of particle behavior 

using CFD simulations. The optimization study is performed for µ-well angles of 30, 45, 60 

degrees, and the flat collector. Figure 3.5 shows that the flow streamlines do not penetrate to the 

bottom of the well, indicating the presence of the recirculation zone at the bottom of the 

geometry. The upper boundary of the recirculation zone is further from the nozzle for greater 

well angles. Figure 3.5 also shows an example of the 1.5 μm particles trajectories; for clarity, 

only the region near the impaction plate is shown. For a particle to impact the surface, it has to 

gain enough momentum in the acceleration region to overcome the drag caused by the 

decelerating flow approaching the impaction plate. In the µ-well, the physical dimension that the 

particle needs to travel increases with the well angle. This explains the similarity of particle 

trajectories in Figure 3.5c and Figure 3.5d. Figure 3.6 shows the air velocity magnitude at the 

collector axis of symmetry. The flow starts deaccelerating at the exact location regardless of the 

angle of the µ-well. This implies that the large well angle is likely to have a lower collection 

efficiency or larger particle cut-off size. 
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Figure 3.6. The air velocity magnitude along the axis of impactors with different angles. 

The contour plot of the 45-degree impactor is shown on the bottom to indicate different 

regions. 

Figure 3.7 shows the comparison of the collection efficiencies from the numerical 

simulation for different micro-well angles. As expected, the CFD simulation shows that the 

addition of the µ-well does not increase the collection efficiency due to the increased distance 

that particles need to travel to impact. Without considering the particle bounce and the particle 

trapping in the recirculation zone, the µ-well increases the cutoff size of the impactor. The 

collectors with 30-degree and 45-degree angles show very similar trends, while the 60-degree 

collector has significantly lower collection efficiency. The data are plotted as the function of the 

square root of the Stokes number in Figure 3.7b. The distances from the nozzle to the bottom of 

the µ-well are used as the characteristic dimension in the Stokes number calculations. The data 
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collapse onto a sigmoid curve as a function of the particle Stokes number, which validates the 

use of the impaction distance as the characteristic dimension in the Stokes number calculation. 

  

a b 

Figure 3.7. Calculated collection efficiencies of µ-well impactors with different well angles 

at a flow rate of 1 slpm (Nozzle diameter: 0.8 mm; Re=1815).  

3.1.2.2 Numerical Results for Micro-well Impactor with the Aerodynamic Focusing Inlet 

The µ-well impactor is coupled with an AF inlet to improve the collection and 

concentration of the collected sample in the small region. Focusing particles into the centerline 

of the jet allows the particles to accelerate to a higher speed, which enhances particle impaction 

or trapping in the recirculation zone inside the µ-well. The series of CFD simulations are used to 

study the effect of the AF inlet on the performance of the µ-well collector. The µ-well angle is 

chosen to be 45 degrees based on the previous well angle study. The collection area is set to be 1 

mm in diameter. Other dimensions of the geometry used in the simulations are listed in Table 

3.1.  The flow rates in both cases are set to be 1 slpm. The uniform velocity profile and pressure 

outlet boundary conditions are used in the simulation. The particle size range in the simulations 

is 0.4-5 µm. Figure 3.6 shows a typical result for the air streamlines in the impactor. The 

colormap represents the air velocity magnitude in m/s. Figure 5 shows the trajectories of 

particles released from the inlet for the different impactors. The AF inlet focused particles into 
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the center of the nozzle, which increases their speed and the collection probability. However, 

some larger particles (Dp >2 µm) injected near the wall can be lost on the forward-facing step of 

the AF inlet, reducing the collection efficiency. This can be addressed by incorporating another 

focusing step, which is beyond the scope of this paper.  

 

Figure 3.8. Gas streamlines; The colormap represents the air velocity magnitude in m/s 

(Nozzle diameter: 0.8 mm; Re=1815). 

   

a b c 

Figure 3.9. Trajectories of particles in different impactors at 1 slpm. (a) particle 

trajectories in the AF µ-well impactor. The dashed area is expanded in (b) to show the 

details; (c) a detailed view of the particle trajectories for the µ-well impactor with a straight 

nozzle. Particle size:  red line – 3 µm, green line – 2 µm, blue line – 1 µm (Nozzle Diameter: 

0.8mm; Re=1815). 

Figure 3.10 shows the plot of the calculated collection efficiencies for all four collectors. 

The boundary conditions and particles used in the simulations are the same as mentioned before. 

Particles larger than 1.5 µm have 100% collection efficiencies for the non-AF flat plate impactor. 
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The AF flat plate impactor and non-AF flat plate impactor have nearly the same cut-off size of 

around 0.8 µm. However, due to the particle loss in the AF inlet, the collection efficiency 

decreases for particles larger than 1.5 µm. On the other hand, the AF inlet reduces the cutoff size 

of the µ-well impactor from 1 µm to .8 µm due to the increased particle speed in the nozzle 

centerline. The AF losses are the same as for the flat plate collector. Again, these are the results 

without considering particle bounce. In real life, particle bounce plays a significant role in the 

aerosol collection, demonstrated in the following section. 

 
Figure 3.10. Calculated collection efficiencies as the functions of the particle size. The AF 

inlet improves the collection efficiency for the µ-well impactor and the flat plate impactor 

(Nozzle diameter: 0.8 mm; Re=1815). 

 

3.1.2.3 Experimental Results for Particle Collection 

The experimental results are presented for four geometries, as seen in Figure 3.1. The 

results are compared with the numerical simulations described above. Notably, the flow field in 

the experiments is not perfectly axisymmetric as it is in the simulation, which may change the 
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behavior of the flow around the µ-well. However, the effect of the non-axisymmetric flow 

behavior outside the collection region was found insignificant. Four impactors of the same 

geometry are tested in each experiment. Because the experiments focus on verifying the 

performance of the AF µ-well collector, the AF µ-well collection experiment is repeated at least 

three times to obtain 12 independent measurements for each condition. At least four independent 

measurements are made for other geometries to compare with the AF µ-well case.  

 
Figure 3.11. Comparison of the experimental and calculated collection efficiencies of µ-well 

inertial impactors and the flat impactor (Nozzle diameter: 0.8 mm; Re=1815). 

The experimental results follow the trend of the numerical prediction for the µ-well 

cases. The actual collection efficiencies for the flat plate collector are dramatically different from 

the simulation results because of particle bounce. Figure 3.11 compares the efficiencies from the 

CFD modeling and experimental data from the aerosol chamber experiments as a function of 

particle size. The experimental collection efficiency is higher than predicted for particles smaller 

than 1 µm and is lower than those larger than 2 µm. The experimental 50% cutoff is between 0.5 

and 0.74 microns, lower than the simulated CFD results, which shows the cutoff of about 1 
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micron. The maximum combined collection/elution efficiency is recorded for 1-micron particles 

(the average values are 75%). The difference in the collection efficiency between the CFD and 

the experiments may be due to several factors, including the possible slight misalignment of the 

inlet with the µ-well during the assembly, potential flow instabilities that cause the flow to hug 

one wall, and for a particle to miss the µ-well. Interestingly, the experimental efficiency for 

smaller particles is higher than when simulated by the CFD. The CFD model is likely not 

equipped to predict the particle-flow interaction; the turbulent dispersion-driven particle capture, 

which is not included in the CFD model, may also play a role if local turbulence and instabilities 

exist in the flow. The collection efficiency of the nozzle µ-well collector is higher than that of 

the AF µ-well collector. The difference can be attributed to the particle loss on the forward-

facing step in the AF µ-well collector. 3 µm particles have enough inertia to penetrate through 

the low-speed zone in the well, which makes the AF inlet act negatively on the particle 

collection. However, the AF inlet is necessary for µ-well to collect smaller particles. 

The primary goal of the collector design is to enable the optical interrogation of the 

collected aerosol in-situ. The high particle density and knowledge of their location on the 

collection substrate are significant. While the CFD simulation of the particle trajectories and 

their interaction with the free flow is relatively straightforward, it is challenging to model 

particle surface interaction because of the limitation of particle tracking schemes. The 

preliminary simulation that included the particle bounce model has shown that the location of 

particle capture is highly dependent on the bounce characteristics: angle of and particle energy 

lost during the bounce process. These characteristics depend on the particle and the surface 

properties and would not be the same for all aerosols and surfaces. Thus, in this research, we 

have experimentally compared the collection region for the µ-well impactor and the collection 
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region of the flat impactor. As in the collection efficiency experiments, PSL microspheres are 

used. The experiments are performed in the aerosol chamber; the humidity in the chamber did 

not exceed 50% to ensure that the liquid menisci form at the particle deposition sites. 

From the simple geometric considerations, a 45-degree of the well wall and a specular 

particle collision assumption result in the particle being reflected towards the center of the well. 

Any loss of the particles would be a result of a particle impacting on the outside of the well or if 

the well is overfilled with the collected aerosol. The latter scenario is unlikely due to the dilute 

nature of the atmospheric aerosols and not important from practical considerations since enough 

signal can be obtained if the well walls are fully coated. Figure 3.12 shows the comparison of 

particle collection sites of the flat plate impactor with the nozzle and AF µ-well impactor for 0.5, 

1, and 2-micron particles at a 1 slpm flow rate. 
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a  b 

Figure 3.12. Particle collection sites for 0.5 µm (top), 1 µm (middle), 2 µm (bottom) at 1 

slpm flow rate. (a) flat plate impactor with the nozzle; (b) µ-well impactor with the AF 

inlet. (1 mm scale). 

These tests compare particle deposition characteristics; PSL spheres are used. However, 

we expect that the trend would hold for the other particle type. Environmental and operational 
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conditions, such as flow rate and humidity, may influence the deposition patterns. From the 

experiments with PSL particles, two major observations can be made:  

(i) As designed, the combination of the AF inlet and the angle of the µ-well wall enables 

trapping the aerosol inside the well structure. The µ-well feature collects nearly all the 

particles, regardless of their size in its submillimeter diameter region, while the flat 

impactor has a significant dispersion of the collected aerosol.  

(ii) The dispersion of the particles collected on the flat collector slide depends on the particle 

size. The 0.5 µm particles have a collection region of 1 mm diameter and significant 

dispersion from the center of the jet due to the bounce and jet spreading near the plate. 

Most of the 1 µm PSL spheres are collected in the middle, likely due to a sweet spot in 

the operation of the inlet; however, some dispersion is observed. The 2 µm particles show 

the lowest collection density, which can be explained by the increased bounce of the 2-

micron particles due to their impaction velocity.  

3.1.2.4 Stoke Analysis of the Collection Efficiencies 

Impactor performance can be characterized by the Stokes number, which relates the 

particle stopping distance to the characteristic dimension of the geometry. In general, particle 

trajectories for curvilinear motion have been described in Hinds [1], which uses the nozzle radius 

in the Stokes number calculation. Using the nozzle radius rather than the characteristic 

dimension of an obstacle is based on the argument that the jet expands only slightly until it 

reaches within about one jet diameter of the impaction plate. This argument is probably valid for 

impactors with a larger nozzle-to-plate distance. However, if the impactor with the nozzle is 

placed close to the impaction plate, the nozzle-to-plate distance can be directly compared with 

the particle stopping distance, and it is more appropriate to use the nozzle-to-plate distance in the 
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Stokes number calculation. In this work, we use nozzle-to-plate distance for the flat plate case, 

and the distances from the nozzle to the bottom of the µ-well are used for the µ-well cases. For 

AF cases, the calculated magnitudes of the particle velocity on the centerline of the nozzle are 

used in the Stokes number calculation. The velocity choice is based on the observation that most 

of the particles are focused into the center of the nozzle by the AF inlet. Figure 3.13 shows the 

collection efficiency as a function of the square root of the Stokes number. The simulation data 

collapse onto a sigmoid curve with the cut-off √Stk ~ 0.4 for µ-well collectors vs. √Stk ~ 0.49 for 

flat plate collectors. The shift of the cut-off curve is caused by the increase of the physical 

dimension particles need to travel before impaction. 

The experimental particle Stokes number is calculated in the same way as the simulation 

data. The flat collector exhibits reduced particle collection for the √Stk > 0.4 due to the 

particles' bounce. This result agrees with Rennecke and Weber [131], who demonstrated the 

increase in a bounce for particles with a greater Stokes number. In addition to the particle Stokes 

number, the bounce characteristics depend on the particle and surface properties and the 

environmental conditions [132]. The µ-well collector does not have a sharp cutoff for particles 

with the larger Stokes numbers (higher impaction velocity magnitude); the particle bounce is 

redirected towards the bottom of the well, resulting in particle trapping inside the µ-well 

structure.  
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Figure 3.13. Comparison of calculated and experimental collection efficiencies of impactors 

as a function of the square root of Stokes number. (a) flat plate impactor; (b) µ-well 

impactor. 

3.1.2.5 µ-Well Collector Pressure Drop 

To estimate the power consumption and aid with the pump's selection, we have evaluated 

the µ-well collectors for pressure drop as a function of the flow rates. Figure 3.14 shows the 

measured pressure drops for straight nozzle impactors and AF inlet impactors. In both cases, the 

diameters of the nozzles are 0.8 mm. Note that the straight nozzle has a 45-degree funnel (3.25 

mm in depth) before it. The length of the straight nozzle is equal to the length of the second stage 

of the AF inlet. Three impaction plate geometries are tested for each inlet geometry. The inlet 

geometry mainly determines the pressure drop difference. The pressure drop is measured using a 

Magnehelic gauge (Series 2100 Magnehelic® Differential Pressure Gage, Dwyer, Michigan 

City, IN). Three measurements are performed per operating condition; the measurement error did 

not exceed 5%. The error bars are not plotted to remove the clutter.  The pressure drop in the 

straight nozzle geometry is primarily due to the friction losses in the nozzle and the abrupt 

change of the flow direction at the impaction plate. The additional pressure drop in the AF inlet 

results from the friction loss associated with the vena contract region. The pressure drop is 
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consistent for the µ-well and flat plate collector; this indicates that significant collector loading 

does not increase the pressure drop, unlike filter collection, see Payet, et al. [133]. 

 
   Figure 3.14. Measured pressure drop of different impactors. 

3.1.3 Conclusions on the microwell collector design 

We designed and evaluated a novel µ-well aerosol collector combined with an AF inlet to 

collect fine PM fraction. The iterative CFD simulations are used to guide the design and 

optimization of the device. The modification in the collector geometry is compared with the base 

case of flat collection plates and straight inlet nozzles. The introduction of the µ-well by itself 

does not increase the performance of the collector. The effect of the µ-well angle on particle 

collection is studied; the simulations show that the increase of µ-well angle passed 45 degrees 

resulted in adverse effects on particle collection due to the increased impaction distance. The 

particles on the centerline of the nozzle are more likely to be collected due to their higher 

magnitude of particle velocity. Thus, the addition of the aerodynamic particle focusing before the 
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aerosol exits the nozzle yields significant improvements in device performance. The 45-degree 

conical-µ-well coupled with the AF inlet is elected to be the final collector prototype geometry. 

The design of the device is also based on practical considerations for sample analysis; the inlet 

dimensions are compatible with the pipette tip allowing for ease of sample elution.  

The CFD simulations show that the AF µ-well collector has 50% collection efficiencies 

for 1 µm particles and close to 100% for particles larger than 1.5 µm particles. However, the 

collection efficiency decreases at about 2 µm because of the particle loss in the AF inlet. 

Laminar flow CFD simulations under-predict the experimentally determined collector 

performance for smaller particles, possibly due to inadequacies in the particle tracking models 

and the presence of unsteady flow characteristics in the µ-well.  

The AF µ-well collector can collect highly concentrated particle samples in a 1 mm in 

diameter collection site. Particles stay in the well because their bounce is redirected toward the 

center of the well, increasing the sample collection density. The collection efficiency of the µ-

well collector shows a minor dependency on the particle bounce when compared to the flat 

impactor. The flat collector exhibits the reduced particle collection for the √Stk >0.4 due to the 

particle bounce. In addition to the particle Stokes number (or impaction velocity magnitude), the 

bounce characteristics depend on the particle and surface properties and the environmental 

conditions. The roughness of the µ-well surface may contribute to the particle collection by 

modifying the particle bounce characteristics. Further studies are needed to quantify the effect of 

surface roughness on particle collection. The sampling efficiency of the µ-well impactor is tested 

under relatively low particle loading scenarios. Therefore, additional work may be required to 

estimate collector overloading/fouling characteristics. However, our laboratory test in the highly-

concentrated aerosol environment (about 8000 particle/cm^3 for 1 µm particles) and the 
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preliminary environmental tests did not show significant overloading. The total volume of the µ-

well is 0.13 mm3, which translates to the µ-well capacity of 130 µg. Assuming the sampling flow 

of 1 slpm, the collection efficiency of 50%, the aerosol concentration of 10 µg/m3, and the 

density of the water particle, the sample time required for filling the µ-well is more than 400 

hours of sampling. The particle packing density in the collector is not considered in the order of 

magnitude analysis.  

3.2 FINE PM COLLECTION - DESIGN AND EVALUATION OF AN AERODYNAMIC 

FOCUSING MICRO-WELL AEROSOL COLLECTION CARTRIDGE 

Bioaerosol sampling and identification are vital for assessing and controlling airborne 

pathogens, allergens, and toxins. In-situ analysis of chemical and biological particulate matter 

can significantly reduce the costs associated with sample preservation, transport, and analysis. 

The analysis of conventional filters is challenging due to dilute samples in large collection 

regions. A low-cost cartridge for collecting and analyzing aerosols is developed for 

epidemiological studies and personal exposure assessments. The cartridge collects aerosol 

samples in a micro-well, reducing particles losses due to the bounce and not requiring any 

coating. The confined particle collection area (diameter~1.4 mm) allows reducing the elution 

volume for subsequent analysis. The performance of the cartridge is validated in laboratory 

studies using aerosolized bacterial spores (Bacillus subtilis). Colony-forming unit (CFU) analysis 

is used for bacterial spore enumeration. Cartridge collection efficiency is evaluated by 

comparison with the reference filters and consistent with tested flow rates. Sample recovery for 

the pipette elution is ~80%. Due to the high density of the collected sample, the cartridge is 

compatible with in-situ spectroscopic analysis and sample elution into the 10-20 µl liquid 

volume providing a significant increase in sample concentration for subsequent analysis.   
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3.2.1 Materials and Methods for µ-well Cartridge Design 

3.2.1.1 Micro-Well Cartridge Design and Fabrication 

The micro-well (µ-well) particulate collection cartridge consists of two injection-molded 

UV-transparent parts. The top half of the cartridge includes an aerodynamic focusing (AF) inlet 

to accelerate and focus the particles and an outlet to connect to the vacuum pump. The conical µ-

well on the bottom half captures particles into a small collection area. Figure 3.16 shows the 3D 

rendering of the assembled cartridge and the drawing of the cartridge with the dimensions of the 

AF inlet and the µ-well. The diameter of the AF inlet is chosen based on the calculation of the 

Stokes number, as well as compatibility with the standard pipette tip. The angle of the µ-well 

cone of 35 degrees is selected to reduce the effect of particle bounce at the collection location.  

 

 
b 

 

a c 

Figure 3.15. (a) The µ-well aerosol collection cartridge and (b) the dimensions of the 

cartridge; (c) the critical dimensions of the AF inlet and the µ-well (unit: mm) 

The design of the low-cost µ-well collection cartridge is based on the methodology 

outlined in our previous work [134]. The range of the operating flow rate for the cartridge is 
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0.75-2 slpm at standard conditions (293 K, 101 kPa). The principle of operation has been 

previously described; typical flow field and particle behavior are shown in Figure 3.8 and Figure 

3.9. The Stokes number analysis is used to guide the inlet design. If the particle Stokes number 

of the AF inlet is smaller than the optimum Stokes number, the particles that follow the flow 

streamlines cannot be effectively focused into the well. In contrast, if the Stokes number is near 

the optimum value, the particle is focused by the AF inlet and projected into the µ-well. The 

optimum Stokes number Stk* was selected to be 1, based on the previous studies [79, 135] and 

our own work based on the CFD simulations of several focusing inlet geometries and flow rates 

[134]. Stk ~ 0.55 – 0.85 has been reported for aerodynamic focusing using parallel slit 

geometries [136, 137]. The optimizing parameter is used as the design guidance; it does not 

account for the variation of the Stokes number in a non-uniform velocity field; in reality, the 

Stokes number may vary significantly depending on the particle position, its size and density, 

and the device flow rate. Stk* is calculated as:  

𝑺𝒕𝒌∗ =
𝝉

𝑫𝒄/𝑼
=

𝑪𝒄𝝆𝒑𝒅𝒑
𝟐𝑼

𝟏𝟖𝜼𝑫𝒄
≅ 𝟏 (3.4) 

where Cc is the Cunningham slip correction factor for the particle, ρp is the particle density, dp is 

the particle diameter, U is the area-averaged flow axial velocity magnitude at a micro-well 

upstream location, η is the gas viscosity, and Dc is the characteristic dimension, which, in this 

case, is the diameter of the nozzle. 
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The geometry of the inlet also satisfies the practical considerations of compatibility with 

a standard pipette tip for the sample elution. The diameter of the inlet is chosen based on the 

calculation of the Stokes number, as well as compatibility with the standard pipette tip. The 

angle of the µ-well cone of 35 degrees is selected to reduce particle bounce at the collection 

location. Our previous study shows that larger angles are more effective for mitigating particle 

bounce; however, they are less efficient for collecting smaller particles. Figure 3.16a shows the 

photograph of the cartridge with arrows indicating the flow direction. Figure 3.16b shows the 

cartridge in a disassembled state to reveal the µ-well on the bottom half of the cartridge. 

The µ-well cartridges are fabricated using the injection molding technique. The cost of 

each cartridge is under $5 for a low production run (n=500) with the aluminum mold used. Each 

collector is assembled from two molded parts, with a gasket between them. A 0.5 mm thick 

silicone gasket is used to provide the proper nozzle-to-plate distance; the gasket thickness can be 

changed to vary the distance between the nozzle and the µ-well, which, in turn, changes the 

cartridge collection characteristics. The seal between the nozzle and the impaction plate is 

  
a b 

Figure 3.16. (a) The photograph of the assembled µ-well aerosol collection cartridge and 

(b) the cartridge in a disassembled state. 
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achieved by applying compression force from the two snap-on tabs. All collectors are checked 

for a vacuum seal before conducting the experiments. The dimensions of a collector are about 40 

mm × 23 mm × 5 mm. Both the inlet and outlet of the µ-well cartridge are located on the same 

side of the geometry to permit the easy integration of the collector array and the vacuum 

manifold, as well as to ensure proper sealing to avoid sample contamination during storage and 

handling. The overall quality of the injection-molded µ-well cartridge was excellent: the 

production parts did not have the defects often associated with injection molding, such as 

sinking, burning, flashing, or short shot. All tested collector assemblies fit together well and 

provided a good seal for all tested operating pressures. The pressure drop through the collectors 

was consistent for any given flow rate within the accuracy of the measuring instruments (~5%).  

3.2.1.2 Aerosol Chamber Testing 

The collection efficiency of the cartridge was evaluated by collecting aerosolized single-

organisms B. subtilis (ATCC® 31578™ Strain Designation: RUB331) compared to the 

collection of the reference filters. The collection experiments were performed in a custom 0.3 m3 

stainless steel, well mixed aerosol chamber (see Figure 3.17) for a range of flow rates of 0.75-2.0 

slpm. The large volume of the chamber with mixing fans provides well-mixed conditions and 

allows for the evaluation of multiple collectors simultaneously. The aerosol concentration in the 

chamber was found to be spatially uniformed with the operation of the mixing fans. Typically an 

array of six collectors and three reference filters were used in the experiments. The collectors are 

fluidically connected via an adapter to the mass flowmeters (HONEYWELL, Morristown, NJ, 

AWM5102VN). The reference filter housed in the filter housing similarly connected house 

vacuum through the same type flow meters. Three reference filters (Spectrum Poretics® 

polycarbonate membrane filters, 47mm, 0.6 µm pore sizes) in open face aerosol filter holders 
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(EDM Millipore, Billerica, MA, model XX5004710) collect particles at 1 slpm in each 

experiment. All flowmeters are located outside the chamber, allowing for individual control of 

the flow rate during the experiment. The flowmeters are calibrated before and after each 

experiment using Gillibrator (Sensidyne, Clearwater, FL, Gilibrator 2).  All experiments were 

performed at the room temperature of 20-25°C and relative humidity in the chamber of 40-60%. 

Operating flow rates for the cartridges were 0.75, 1, 1.5, and 2 slpm.  

 

 
Figure 3.17. The configuration of the aerosol chamber experiment for µ-well cartridge 

collection efficiency testing. 

A B. subtilis spore stock was prepared by initially growing the B. subtilis overnight in 

Luria-Bertani Broth (LB) at 37⁰ C in an incubator shaker. The overnight culture was spread on 

AK#2 sporulating agar, and the plates were incubated for 48 hours at 37⁰ C. The growth was 

scraped off the plates, and the stock was stored in water at 4⁰ C. The stock was purified by 

centrifuging at 10,000 G for 10 minutes and washed in cold, sterile water; this procedure was 

repeated three times. Subsequently, the pellet was shaken overnight at 125 rpm and 4⁰ C, 

centrifuged for 20 minutes at 20,000 g, and resuspended in the new cold, sterile water. This 

procedure was repeated for several days until the pellet formed a homogeneous layer. The stock 

was checked for purity with microscopy using a malachite green spore stain. The purified stock 
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was stored at 4⁰ C. The prepared bacterial spore suspension was diluted 100x in the distilled 

water right before the experiment. During the experiment, 4 mL of prepared solution was 

nebulized from the liquid suspension with 20 psi clean air using a Lovelace nebulizer (In-Tox 

Products, Moriarty, NM). An aerodynamic particle sizer (APS 3321, TSI, Shoreview, MN) was 

used to verify the particle size and monitor the particle concentration in the chamber. The 

aerodynamic diameter of the B. subtilis spores was measured by the APS to be about 0.75 μm. 

APS measurements also confirm that no significant particle agglomeration occurs inside the 

chamber during the experiment. Figure 3.18 shows a typical particle size distribution during the 

experiments.   

 

 
Figure 3.18. The size distribution of airborne particles during one experiment. 

Following the collection experiment, two elution steps were performed to remove B. 

subtilis from the collectors. The efficiency of each elution procedure was quantified. The first 

elution step quantifies the sample collected in the µ-well and the close vicinity (1-2mm) around 

the well. The second step is used to elute all the particulate matter collected elsewhere inside the 
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cartridge during the experiment; these include the particles lost on the upper collector part, the 

gasket, and around the outlet of the cartridge. Small liquid aliquots were used for the first 

elution: 2 × 10 µl of Phosphate Buffered Saline (PBS) with 0.05% Tween 20. Each 10 µl was 

added to the collector and immediately pipetted up/down ten times, after which the droplet was 

placed in a microcentrifuge tube containing 980 µl of PBS and vortexed for 1 minute before 

diluting in PBS. A second elution consists of disassembling and submerging the entire cartridge 

in a centrifuge tube with 10 ml of PBS with 0.05% Tween. The centrifuge tube undergoes 10 

minutes of shaking on a shaker table, followed by 5 minutes of sonication in a 60 Watts 

ultrasonic cleaner bath (model #gb928). After the collection, the reference filters were 

submerged in 10 ml of PBS with 0.05% Tween and underwent a 10-min shaking period, 

followed by 5 minutes of sonication. While sonication is a recognized method of spore recovery 

[138, 139], experiments plating dilutions of the B. subtilis spore stock show that the sonication 

step may reduce the spore stock titer by up to 30%. 

The elution efficiency and the collection efficiency were calculated by comparing the B. 

subtilis colony-forming unit (CFU) for the cartridge and the reference filter elution; the flow rate 

adjustments were made to account for differences in sampling rates. The collection efficiencies 

are calculated based on at least 6 data points from three runs for each flow condition. Mean and 

one σ error bars are presented in the collection efficiency plot. CFU was quantified on nutrient 

agar plates by plating 100 µl of the relevant dilutions in duplicate and incubating at 37⁰ C 

overnight, after which the CFU captured at each flow rate were enumerated. The undiluted 

sample and a 10x dilution were plated for the first elution of the cartridge; the undiluted samples 

were plated for the second elution. Both the undiluted and the 10x dilution were plated for the 

reference filters. In the analysis, the CFU counts were adjusted for the difference in elution 
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volumes between the first, the most concentrated eluent, the reference filters, and the second 

elution step.  

3.2.2 Results and Discussion for µ-well Cartridge Design 

3.2.2.1 Pressure Drop 

To estimate the power consumption and aid with selecting the pump for the personal 

exposure monitors, we evaluated the cartridge for pressure drop as a function of the flow rates. 

Figure 3.19 shows the measured pressure drop for the cartridge and the pressure drop predicted 

by the computational fluid dynamics (CFD). The pressure drop was measured using a 

Magnehelic gauge (Series 2100 Magnehelic® Differential Pressure Gage, Dwyer, Michigan City, 

IN). Three measurements are performed for each operating condition; the measurement error did 

not exceed 5%. The experimental pressure drop of the low-cost cartridge was compared to the 

results of the computational fluid dynamics study performed during the design stage [134]. The 

results show excellent agreement between the computational and experimental pressure drop 

measurements. The cartridges are evaluated for potential failure due to the collection 

overloading. The pressure drop of an overloaded cartridge was consistent with the blank one; this 

indicates that loading of the collector does not increase the pressure drop, unlike filter collection 

[133]. 
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Figure 3.19. The measured pressure drop of the collection cartridge at different flow rates. 

3.2.2.2 Bacillus Subtilis Collection Efficiencies and Analysis 

The collection efficiencies are presented in Figure 3.20. The results show that the 

collection efficiency for the B. subtilis spore increases with the flow rate. At a flow rate of 0.75 

slpm, the cartridge collects about 35% of the B. subtilis spores as compared to the number 

collected by the reference filter. The maximum collection efficiency observed is ~80% at the 

highest flow rate tested (2 slpm). The results are consistent with the inertial mechanism of 

particle capture. The particle with the lower Stokes number, associated with the low velocities in 

the focusing inlet, cannot reach the µ-well wall [134]. Higher sampling rates are desired to 

improve the capture efficiency of single-organism bioaerosols. Unlike conventional impactors 

without coating, no significant collection efficiency drop associated with particle bounce is 

observed in the collection of B. subtilis as most of the spores were recovered from the direct well 

elution (elution 1). Less than 25% was recovered during the second elution when the cartridge 

was disassembled and sonicated. The limited particle loss from the targeted collection area can 
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be attributed to the µ-well angle, which redirects the bounce toward the bottom of the well and 

dramatically eliminates the particles from re-entering the primary flow.  

 
Figure 3.20. B. subtilis collection efficiencies in µ-well inertial impactors as a function of the 

collector flow rate. 
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The µ-well cartridges were tested for their usability in a pilot field study, in which the 

PM samples were collected from users for the assessment of the health risks related to PM 

exposure. Figure 3.21 illustrates the differences in PM collected for two of the users, with high 

versus low exposures.  Though the preliminary results from the chamber experiments and the 

pilot indoor and outdoor sampling show significant sample accumulation in the µ-well, the 

bounce mechanisms for biological and other particles need further investigation. A single pipette 

elution extracts more than 75% of the B. subtilis collected in the µ-well cartridge for all tested 

conditions. The small elution volume is beneficial for bioaerosol sampling providing two to three 

order magnitude preconcentration of the analysis volume.  

  
Figure 3.21.  Microscopic images of PM collected in the cartridges during the one-week 

usability study. 

In a proof-of-concept experiment to test cartridge’s compatibility of the in-situ optical 

analysis, the fluorescence measurement of polystyrene latex (PSL) microspheres was performed.  

Figure 3.22a shows the schematics of the fluorescence measurement setup and the fluorescence 

spectrum from the PSL particles. The 2 μm fluorescent particle (Polysciences Inc.) were 

aerosolized in the hermetically sealed chamber and collected at 1 slpm, which results in a dense 
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cluster of particles as shown in Figure 3.22b. The sample collected in the µ-well was then 

excited with the 440 nm light from the bottom at the 45-degree incident angle. The excitation 

light was generated by passing the DH-2000-BAL deuterium halogen light (Ocean Optics, 

Dunedin, FL) through a linear variable bandpass filter (Ocean Optics, Dunedin, FL). The Flame 

NIR spectrometer (Ocean Optics, Dunedin, FL) was used to analyze the emission light from the 

sample collected through an optical fiber probe placed above the µ-well. The yellow-green PSL 

particle has the maximum excitation at about 440 nm and the maximum emission at about 490 

nm. We compared the fluorescence spectrum acquired from the cartridge sample to the spectrum 

from the liquid sample measured in a quartz cuvette (see Figure 3.22c). The liquid sample 

fluorescence measurement was performed in the CUV-ALL-UV Cuvette Holder (Ocean Optics, 

Dunedin, FL) at a 90-degree angle. Most of the scattering signal from the blank cartridge and the 

solvent was filtered from the spectra; however, some excitation signal is still apparent in the 

recorded spectra. The spectrum from the in-situ fluorescence measurement on the cartridge 

shows a good agreement with the spectrum acquired from the liquid sample. 
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Figure 3.22. (a) The cartridge fluorescence measurement setup and (b) the fluorescent 

PSL particle collection site; (c) the fluorescence spectrum for the liquid and solid 

sample. 

3.2.3 Conclusions on µ-well Cartridge Design. 

The performance of a low-cost µ-well aerosol cartridge is evaluated for collection and 

analysis of single-organism B. subtilis spores. The design of the device is based on practical 

considerations for sample analysis; the inlet dimensions are compatible with the pipette sample 

elution and integration with personal exposure monitors. The cartridge collects highly 

concentrated particle samples in a 1 mm diameter spot. The sample is retained in the well 

because the particle bounce is redirected toward the center of the well, increasing the sample 

collection density. Collection efficiency is consistent for each flow condition. Sample recovery 

for the pipette elution is more than 75%. The elution volume used to recover the collected 

sample from the cartridge is in the range of 10-20 µl, which provides a high preconcentration of 
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the aerosol sample for liquid assays; based on the cartridge geometry, the volume can be further 

reduced if the procedure is automated or microfluidic analysis is desired.  

In this study, we used the standard laboratory analysis method, the optically transparent 

collection substrate, and the well-defined collection region to allow the in-situ optical analysis of 

the collected aerosols. This in-situ spectroscopic analysis may provide non-destructive 

orthogonal data such as fluorescent measurement and a significant reduction in analysis cost for 

monitoring exposure to chemical and biological aerosols, toxic compounds. Our analysis 

demonstrated the in-situ detection of fluorescent 2 μm PSL spheres collected in the aerosol 

chamber experiments. Optimizing the optical cell geometry is required to minimize the scatter 

and reflection from the cartridge surfaces. One promising approach is to use fiber-optic 

excitation and collect the signal in a backscatter probe configuration; this would significantly 

minimize the sensor footprint. Multiple reviews on bio and chemical detection using fiber-optic 

sensors exist, e.g., [140, 141]. Raman backscatter probes are well-developed for in-situ analysis 

of chemical and biological compounds, e.g., [142-148], and can be readily used with the 

cartridge without significant hardware modification. Fiber-optic probes for surface-enhanced 

Raman [149] and anti-stokes Raman [150] have been demonstrated for analysis for the detection 

of bioaerosols. Sample collected in the μ-well can be an analysis based on native fluorescence of 

the bioaerosols such as UV LIF [151, 152], though the application of this technique using fiber-

optic bundles needs further development.  
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Chapter 4. EXCITATION EMISSION MATRIX FLUORESCENCE 

SPECTROSCOPY FOR ESTIMATION OF REACTIVE OXYGEN 

SPECIES FROM COMBUSTION-GENERATED PARTICULATE 

MATTER SAMPLES 

Particulate matter (PM) in the environment can lead to adverse health impacts, like, 

cardiopulmonary diseases, neurological diseases, and lung cancer. While the epidemiological 

link between PM exposure and adverse health effects is clear, there is a lack of information 

regarding source-specific differences in PM toxicity. Thus, there is a clear need to quantify PM 

in the environment and identify its sources and toxicity. Sources of combustion generated PM 

range from wildfires, residential wood burning, traffic emission, etc. Flame temperatures have 

been linked to changes in particle composition and hence the toxicity. Also, the capacity of 

combustion-generated PM to produce reactive oxygen species (ROS) has been proposed as one 

surrogate metric for the toxicity of PM. Currently, the composition of the organic fraction of PM 

is analyzed using mass spectrometry (MS) methods, which are expensive and time-consuming. 

Excitation emission matrix (EEM) spectroscopy has been proposed as a low-cost, reliable 

method for analyzing the organic fraction of PM and source apportionment. This preliminary 

study investigates the correlation between EEM signatures and ROS measurements for smoke 

aerosols. PM samples collected from cookstoves and wildfire smoke were analyzed by EEM and 

the dithiothreitol (DTT) assay for ROS. The results suggest that the fluorescence EEM spectra 

correlate with ROS level in PM, suggesting that EEM can be an alternative method to evaluate 

the ROS level in combustion-generated aerosols. This work was performed in collaboration with 



102 

 

Prof Simpson, UW DEOHS; his group performed ROS analysis of the samples. This analysis is 

presented here for completeness. 

4.1 MATERIAL AND METHODS 

4.1.1 Sample Collection and Preparation 

We took 18 samples for three types of smoke sources: (a) 6 samples for the natural-draft 

cookstove smoke; (b) 6 for the forced-draft cookstove smoke; (c) 6 samples for the wildfire 

smoke from the 2020 Washington wildfire event, within which three were collected outdoors and 

3 -- indoors. All the samples were collected onto 1.0 µm pore PTFE membrane filters 

(Fluoropore® membrane filters, # FALP03700, 37 mm, MilliporeSigma, Burlington, MA, USA) 

housed in the Harvard impactor (Cat. # HP2518, BGI, Butler, NJ, USA) sampling cassettes 

placed in the sealed chamber. The sampling flow rate was set to 1.8 lpm using the portable 

vacuum pumps (AirChek XR5000 pump, SKC Inc., Eighty Four, PA, USA). Flowrates were 

verified using a flow calibrator (Gilian Gilibrator PN# 800268, Sensidyne, St. Petersburg, FL, 

USA). The woodsmoke samples were collected by burning 1½ by ¾ inch Douglas fir sticks cut 

from dimensional lumber in side-feed, natural-draft, or forced-draft cookstoves.91  The sampling 

devices were placed in a sealed chamber connected to the exhaust duct at the sampling point. 

The wildfire samples were collected in September 2020 inside a University of Washington 

building and from the backyard of one lab member of our research group. 

The gravimetric analysis was performed to measure total PM mass. Following collection, 

filters are removed from the samplers and placed in a chamber with 37% (SD = 4%) relative 

humidity for 24 hours. The filters were then weighed using a micro-balance with 0.5 µg 

resolution (Mettler-Toledo UMT-2, Greifensee, Switzerland). Initial weights of the filters were 

recorded in the same manner, and the difference in weights was used to calculate the amount of 
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PM2.5 collected. Filters were then submerged in 7 mL methanol (Sigma Aldrich, HPLC grade) 

and sonicated for 60 minutes. We prepared a filtered extract and an unfiltered extract for each 

sample. For a filtered extract, 3.5 mL of solution was pushed through a 0.2 m syringe filter 

(VWR Cat. #28145-491) into a 4 mL glass vial to remove insoluble particles. The remaining 

portion of the solution was transferred into another 4mL glass vial as an unfiltered extract. PM 

extracts were stored in the vials until analysis. See Figure 4.1 

 
Figure 4.1. Sample preparation for the EEM analysis and DTT assay. 

4.1.2 DTT Assay for Oxidative Potential of ROS 

We measured the oxidative potential of both filtered samples and unfiltered samples 

using DTT assay. The DTT assay measures the presence or formation of ROS via the formation 

of the DTT-disulfide [107].  Unreacted DTT is detected calorimetrically after reaction with 5,5’-

dithiobis-(2-nitrobenzoic acid) (DTNB), producing 5-mercapto-2-nitrobenzoic acid.  The rate of 

disappearance of DTT is proportional to the oxidant activity.  The assay uses 1,8-
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phenanthraquinone as a positive control and methanol extracts of blank filters as a negative 

control.  

We adapted the procedure of Li et al. [107] for use with a microplate reader to improve 

sample throughput, sensitivity, and precision. PM samples on PTFE filters were extracted by 

sonication in methanol (7 mL) for 60 minutes. Following sonication, the filters were removed 

from the extracts and discarded. Particle-containing and particle-free extracts were prepared for 

DTT analysis as follows: The samples were well mixed, and 150 µL aliquots, including solvent 

and suspended particles, were removed for analysis.  The remaining portion of each extract was 

concentrated to 2 mL under a flow of nitrogen at 50C in a Turbovap evaporative concentrator, 

vortexed, a second 150 µL aliquot was removed for possible analysis if the unconcentrated 

extract showed low activity.  Finally, to prepare a particle-free portion of the extract, the 

remaining 1.85 mL of extract was filtered through 0.2 µm PTFE syringe filters into new 

Turbovap tubes. The filtered extracts were reduced to dryness and reconstituted in 150 µL of 

methanol. After vortexing, water and phosphate buffer were also added to the samples.  To 

measure DTT reactivity, the extracts were then incubated in the presence of DTT in a 96-well 

plate. At designated time points (0, 10, 20, 30, 40, 50 minutes), aliquots of the reaction mixture 

were withdrawn and added to microplate wells containing tris HCl in 20 mM EDTA and DTNB 

(5,5’-dithiobis-(2-nitrobenzoic acid)).  Absorption at 412 nm was recorded. The rate of DTT 

consumption is calculated from a plot of absorbance vs. time, and this value is corrected for 

atmospheric oxidation of DTT calculated from a blank filter extract time series run with each 

microplate. 

4.1.3 Excitation Emission Matrix (EEM) Analysis 



105 

 

The EEM spectra of PM extract samples were obtained using a spectrofluorometer 

(Aqualog-880-C, HORIBA Instruments Inc. Edison, NJ, USA). For EEM spectroscopy, ~ 3 ml 

of PM extract was transferred to a 1 cm × 1 cm quartz cuvette (Item # CV10Q3500FS, Thorlabs 

Inc., Newton, New Jersey) loaded to the spectrofluorometer. The spectra were recorded in the 

range of excitation wavelength λex = 200 - 600 nm with a 2 nm resolution. For each excitation 

wavelength, the instrument records emissions using a Charge Couple Device (CCD) array in the 

range of λem = 246 - 826 nm with a 0.58 nm resolution. The spectra were normalized to Raman 

units (R.U.).95 Daily solvent blanks were recorded and used for blank subtraction to minimize the 

effect of Rayleigh and Raman scattering.  To further reduce the effects of Rayleigh scattering, EEM 

values within 10 nm of the first and second-order Rayleigh scattering bands were excised, followed 

by replacing the values using 2-dimensional interpolation [153]. The processed EEMs were then 

passed through a Gaussian filter (sigma=2), and negative values were removed numerically in Python 

3.6.0 to smooth the data (see Figure 4.2)[112]. 

 
Figure 4.2. EEM of wood smoke extract showing data processing steps: Starting with the 

raw data (a), the solvent blank is subtracted (b), then values are excised for scatter removal 

(c), the excised values are interpolated (d), negative values are replaced with zero, and 2D-

Gaussian smoothing is applied (e), the EEM is cropped (f) and normalized to Raman units 

(g). 



106 

 

4.1.4 EEM Principal Component Regression (PCR) Analysis  

We used PCR analysis of the EEM spectra to evaluate the correlation between the EEM 

spectra and the DTT consumption rates. PCR is a two-step process in which predictors are 

transformed into a lower-dimensional representation by principal component analysis (PCA), 

and linear regression is performed on a chosen number of the principal components (PCs) and 

DTT consumption rates from the ROS analysis.  18 EEM spectra were split into 15 training 

spectra and 3 test spectra. In the case of the EEM data in this work, there are ~22,000 fluorescent 

values (predictors) in each data matrix. Linear regression could be performed using all values in 

the EEM independently but would result in overfitting. Instead, linear regression is performed on 

the PC representation of the data. The number of PCs used is smaller than the number of original 

predictors and is selected to capture nearly all the variance in the data, give the best possible 

model fit, and avoid overfitting. 

In the first step of PCR, each EEM 2D matrix (1000 × 201) was unfolded into a 1D row 

vector (1 × 20100). 15 EEM row vectors of the training samples were stacked to create a training 

data matrix 𝐶 (15 × 201000). The data matrix 𝐶 was reduced with principal component analysis 

(PCA) using the scikit-learn library in Python 3.6.0. The number of PCs (𝑑) required to represent 

the data in the data matrix 𝐶 was varied from 1 to 15. The data matrix 𝐶 can be represented as 

the matrix product of 𝑠 and 𝑣 and a residual matrix 𝐸, shown in 

𝑪 =  𝒔𝒗 + 𝑬 (4.1) 
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where 𝑠 (15 × 𝑑) is the scores matrix and 𝑣 (𝑑 × 201000) is the loading matrix having 𝑑 PC 

vectors. The scores matrix 𝑠  is a reduced form of data matrix 𝐶 ; the operation reduces the 

number of data points required to represent each EEM from 20100 to 𝑑. The value of 𝑑 is chosen 

to minimize the number of PCs that account for the maximum variance in the EEM dataset. 

For the second step of PCR, the scores matrix 𝑠 (15 × 𝑑) is used to fit linear models for 

estimating DTT consumption rates. We used the ordinary least squares method in the scikit-learn 

library in Python 3.6.0 to perform multiple linear regression (MLR) to fit two linear models 

between the EEM scores matrix and the DTT consumption rates for filtered samples unfiltered 

samples, respectively. The mean squared error (MSE), representing the error in correlation for 

each model, was calculated using the “leave one out cross-validation” (LOOCV) method.98  

The models for estimating ROS concentrations trained on the smoke samples were tested 

using three random samples from the 18 samples. The EEM row vectors of the test samples were 

stacked to create a test data matrix 𝐶𝑡𝑒𝑠𝑡  (3 × 201000), where 3 is the total number of test 

samples. The test data matrix 𝐶𝑡𝑒𝑠𝑡  was reduced along the PCs obtained for the training samples 

to obtain a test scores matrix (3 × 𝑑). The coefficient of determination (𝑅2) for both models are 

reported.  

4.2 RESULTS AND DISCUSSION 

4.2.1 EEM Analysis 

PM extracts from natural-draft cookstove smoke, forced-draft cookstove smoke, and 

wildfire smoke show unique EEM spectra, as shown in Figure 4.3. Natural-draft cookstove 

smoke has spectra consisting of four peaks in the region from 400 – 475 nm emission and 225 – 

275 nm excitation. Some fluorescence can also be observed in the region from 400 – 475 nm 
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emission and 350 – 450 nm excitation. Forced-draft cookstove smoke has significantly different 

spectra consisting of two peaks at ~350 nm emission wavelength from 350 – 450 nm excitation. 

The indoor and outdoor wildfire smoke spectra are similar, with a single primary peak located 

from 350 – 400 nm emission with some fluorescence surrounding the peak. Natural-draft 

cookstove smoke shows fluorescence over the broadest region and generally at higher emission 

wavelengths than forced-draft cookstove smoke and wildfire smoke. The spectra from the 

different sources have overlapping regions, so there can be some difficulty in identifying 

individual sources from mixed samples. 

 
Figure 4.3. EEM spectra of four types of smoke: (a) natural-draft cookstove smoke, (b) 

forced-draft cookstove smoke, (c) 2020 Washington wildfire smoke collected indoors, (d) 

2020 Washington wildfire smoke collected outdoors. The EEM spectra are from the extract 

in methanol. The spectra were normalized to Raman units (R.U.). 
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We also compared the spectra from filtered and unfiltered samples to see how insoluble 

material affects EEM spectra. Figure 4.4 shows the EEM spectrum of a filtered natural-draft 

cookstove smoke sample (A) and the spectrum of an unfiltered sample. The spectra have the 

primary peaks at exact locations. The peak fluorescence intensity of the unfiltered extract is three 

times higher than the filtered extract from the same sample. No significant difference in 

fluorescence contour can be observed from these two spectra. 

 
Figure 4.4. EEM spectra of natural-draft cookstove smoke from (a) a filtered extract, (b) 

an unfiltered extract. The EEM spectra are from the extract in methanol. The spectra were 

normalized to Raman units (R.U.). 

4.2.2 ROS Analysis 

We measured the oxidative potential of both filtered samples and unfiltered samples 

using DTT assay. Sample mass and DTT consumption rate for the smoke samples are 

summarized in Table 4.1. To evaluate the correlation between DTT consumption rate and sample 

mass, The DTT consumption rates of both filtered and unfiltered extracts are plotted against the 

sample mass in Figure 4.5.  DTT consumption rate for the unfiltered natural-draft cookstove 

smoke samples is higher than the filtered samples. A filtered extract shows a similar DTT 

consumption rate as an unfiltered extract for the forced-draft cookstove smoke and the wildfire 

smoke. Note that one indoor wildfire smoke sample outlier was excluded for the following 
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analysis due to the mislabeled mass. For the normal samples, we did not observe a strong 

correlation between DTT consumption and sample mass.  

Table 4.1. Summary of sample mass and DTT consumption rate for the smoke samples.  

Sample Name Sample Mass (mg) 
DTT Consumption (ng/min/ug) 

Unfiltered Filtered 

Cookstove Smoke 0.11 1.8 2.12 

Cookstove Smoke 0.135 1.64 1.73 

Cookstove Smoke 0.151 2.01 1.21 

Cookstove Smoke 0.118 2.8 1.88 

Cookstove Smoke 0.146 2.1 1.78 

Cookstove Smoke 0.157 0.94 0.9 

Indoor Wildfire Smoke 0.325 4.76 5.04 

Indoor Wildfire Smoke 0.234 4.75 5.83 

Indoor Wildfire Smoke (outlier) 0.297 12.03 9.93 

Outdoor Wildfire Smoke 0.371 4.88 4.75 

Outdoor Wildfire Smoke 0.392 4.65 4.32 

Outdoor Wildfire Smoke 0.425 4.74 4.4 

Forced-draft Cookstove Smoke 0.114 7.84 5.58 

Forced-draft Cookstove Smoke 0.122 7.56 5.87 

Forced-draft Cookstove Smoke 0.132 6.35 4.71 

Forced-draft Cookstove Smoke 0.132 7.36 5.4 

Forced-draft Cookstove Smoke 0.126 6.85 5.58 

Forced-draft Cookstove Smoke 0.125 8.42 5.43 
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Figure 4.5. The DTT consumption rate for the filtered and unfiltered extracts of the smoke 

samples vs. sample mass. Natural-draft cookstove smoke samples are enclosed in the blue 

box; Forced-draft cookstove smoke samples are enclosed in the purple box; 2020 

Washington wildfire smoke samples are enclosed in the red box with one outlier outside. 
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4.2.3 EEM Integrated Fluorescence Intensity and ROS 

To investigate the correlation between EEM spectra and ROS, we first plotted the 

integrated fluorescent intensity of the EEM data against the DTT consumption rate for each 

sample. Integrated fluorescence was calculated by adding all the fluorescence intensity values in 

a 2D EEM matrix. Figure 4.6 shows the integrated fluorescent intensity measurement vs. DTT 

consumption rate for the filtered and unfiltered smoke samples. Samples from the same group 

cluster with the natural-draft cookstove smoke samples have higher integrated fluorescence 

intensity than others. We observed no strong correlation between integrated fluorescence 

intensity and DTT consumption rate for the filtered and unfiltered smoke samples. 

  

Figure 4.6. Integrated fluorescent intensity vs. DTT consumption rate for filtered and 

unfiltered smoke samples. 

4.2.4 PCR Analysis 

The PCR analysis was performed on the dataset to evaluate the correlation between the 

2D EEM spectra and DTT consumption rates. PCA was performed on the 15 training spectra to 

generate the PCs. The first three PCs for the filtered and unfiltered smoke samples are shown in 

Figure 4.7. The first three PCs account for 99% of the variance (see Figure 4.8) in the dataset 
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showing that although the original data contain over twenty-thousand fluorescent values, the 

spectra can be effectively represented in a lower-dimensional space.  

 

 
Figure 4.7. The first three principal components of the 15 training EEM spectra for filtered 

(top) and unfiltered (bottom) smoke samples. These three PCs shown here account for 99% 

of the variance in the dataset. 

 

 
Figure 4.8. Contribution of PC to the variance of the EEM dataset. 

We performed PCR using from one to fifteen PCs. The ordinary least squares method 

was used in the scikit-learn library in Python 3.6.0 to perform multiple linear regression to fit 

two linear models between the EEM scores matrix and the DTT consumption rates for filtered 
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and unfiltered samples, respectively. Figure 4.9 plots the R2 values for filtered and unfiltered 

samples vs. the number of PCs used for PCR.  As the number of PCs increases from one to 

fifteen, the fit to the training data continually improves where the fit to the filtered sample data is 

always better than the fit to the unfiltered sample data. Based on the variance in the EEM data 

for 𝑑=1-15 PCs and the R2 values, 𝑑 = 5  for unfiltered samples and 𝑑 = 4 for filtered samples 

were chosen for fitting the linear models for DTT consumption rate, as these PCs accounted for 

more than 99% variance. The PCR model shows a good correlation between EEM PCs and DTT 

consumption rate for the unfiltered samples with training and test R2 values of 0.98 and 0.76, 

respectively. DTT consumption rate can also be successfully predicted for filtered samples with 

(train, test) R2 values of (0.95, 0.97).  

 

Figure 4.9. PCR R2 vs. number of PCs used in PCR for DTT consumption rate. As the 

number of PCs is increased from one to fifteen, the fit to the training data continually 

improves.  The fit to the filtered sample data is always better than the fit to the unfiltered 

sample data.  
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Figure 4.10. Parity plots showing results of PCR with 5 PCs for unfiltered samples and 4 

PCs for filtered samples. Green points show training samples, and test samples are shown 

in roe points. The PCR model shows a good correlation between EEM PCs and DTT 

consumption rate for the unfiltered samples with training and test R2 values of 0.98 and 

0.76, respectively. DTT consumption rate is also successfully predicted for filtered samples 

with (train, test) R2 values of (0.95, 0.97). 

4.3 CONCLUSIONS 

In this study, we investigated the correlation between EEM signature and ROS 

measurements. PM collected from the cookstove and wildfire smoke were analyzed by EEM and 

the DTT assay. Using principal component regression (PCR) analysis of the EEM spectra, we 

drew the correlation between the EEM spectra and the DTT measurements. The results suggest 

that the PCA of EEM spectra can be correlated to DTT consumption and that EEM can be an 

alternative method to evaluate the ROS level in combustion-generated aerosols. 
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Chapter 5. THESIS CONCLUSIONS AND FUTURE WORK  

5.1 AEROSOL MONITORING USING SENSOR NETWORK 

This dissertation evaluated the PMS sensors and reported the calibration algorithm for 

both number concentration and mass concentration. We found that the number concentrations 

can be corrected using a simple linear model, and mass concentrations can be better corrected 

using a polynomial model. We used particles in a relatively narrow range of CRIs, morphologies, 

and densities, and our RH was restricted to 20% - 80%. If the particle properties and 

environmental conditions of interest are significantly different from the tested scenarios, one 

may need to consider these effects. Despite these limitations, this study has significant 

implications, especially for using these sensors in high concentration environments, including 

indoor air quality monitoring, occupational/industrial exposure assessments, wildfire smoke, or 

near-source monitoring scenarios. Since the test aerosols used in this study are applicable for 

several occupational health scenarios, a better exposure assessment could be achieved. In 

applying near-source and indoor air quality monitoring where field calibration might be 

challenging, these low-cost sensors, along with the calibration algorithms developed within a 

higher concentration range applied, could serve as a substitute for the traditional gravimetric 

instruments to provide valuable assessment of air quality. 

We also demonstrated the application of an IoT-enabled low-cost sensor network for air 

quality monitoring during the wildfire. When used with corrections, the outdoor sensor data was 

comparable to the nearest regional monitor. The significance of this finding is that the calibration 

model allows for obtaining real-world data using low-cost sensors and developing a high-density 

sensor network for monitoring outdoor PM levels and indoor and outdoor environments. The 
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personal monitoring results highlighted the influence of personal activities and 

microenvironments on an individual’s exposure to PM2.5. The hyperlocal activities significantly 

influenced personal exposure to PM. Although this study is based on a relatively small sample 

size, it demonstrated that personal action, such as staying indoors and using HEPA air cleaner, 

can potentially reduce personal exposure to wildfire smoke. Future studies with a larger sample 

size and a collection of time-activity information are warranted to investigate the source of PM2.5 

exposure and estimate the consequent health effects. 

While current off-the-shelf sensors provide an estimation of PM concentration 

information, better particle sensors that can measure particle size are needed to enrich the data 

the sensor network collects to get more accurate exposure profiles and accurate environment 

information.  

5.2 AEROSOL SAMPLING CARTRIDGE AND DEVICE 

We designed and evaluated a novel µ-well aerosol collector combined with an AF inlet to 

collect fine PM fraction. The AF µ-well collector can collect highly concentrated particle 

samples in a 1 mm in diameter collection site. Particles stay in the well because their bounce is 

redirected toward the center of the well, increasing the sample collection density. The collection 

efficiency of the µ-well collector shows a minor dependency on the particle bounce when 

compared to the flat impactor. The roughness of the µ-well surface may contribute to the particle 

collection by modifying the particle bounce characteristics. 

Further studies are needed to quantify the effect of surface roughness on particle 

collection. The sampling efficiency of the µ-well impactor is tested under relatively low particle 

loading scenarios. Therefore, additional work may be required to estimate collector 

overloading/fouling characteristics. 
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The performance of a low-cost µ-well aerosol cartridge is evaluated for collection and 

analysis of single-organism B. Subtilis spores. The design of the device is based on practical 

considerations for sample analysis; the inlet dimensions are compatible with the pipette sample 

elution and integration with personal exposure monitors. The cartridge collects highly 

concentrated particle samples in a 1 mm diameter spot. The sample is retained in the well 

because the particle bounce is redirected toward the center of the well, increasing the sample 

collection density. Collection efficiency is consistent for each flow condition. Sample recovery 

for the pipette elution is more than 75%. The elution volume used to recover the collected 

sample from the cartridge is in the range of 10-20 µl, which provides a high preconcentration of 

the aerosol sample for liquid assays; based on the cartridge geometry, the volume can be further 

reduced if the procedure is automated or microfluidic analysis is desired.   

5.3 EEM FOR ESTIMATION OF ROS ON COMBUSTION GENERATED AEROSOLS 

We investigated the correlation between EEM spectra and ROS measurements. PM 

collected from cookstoves and wildfire smoke was analyzed by EEM and the DTT assay. Using 

PCR analysis of the EEM spectra, we drew the correlation between the EEM spectra and the 

DTT measurements. The results suggest that the principal components of the EEM spectra 

correlate well with the DTT consumption rate for ROS, suggesting that EEM can be an 

alternative method to evaluate the ROS level on combustion-generated aerosols. This study’s 

sample size is relatively small. The preliminary results indicate a low-cost, short turnaround 

method for ROS estimation. Future studies with larger sample sizes on different types of 

combustion-generated aerosols are needed to confirm the results. 
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Chapter 6. APPENDIX 

6.1 SUMMARY OF OTHER MODELS FITTED IN THE SENSOR CALIBRATION STUDY  

Table 6.1. Summary of the R2, Bayesian information criterion (BIC), and the normalized 

mean absolute error (NMAE) of the calibration models for number concentration. 
Indices  Equation  Regression a R2 BIC  NMAE 

Full concentration range (APS total number concentration between 0 – 1000 #/ cm3) (n = 4,134)  

>0.3 µm Linear  y = 5.93 x  0.99 78723 2.20% 

Linear + CRI  y = 6.02 x - 516.26 CRI 0.99 78603 2.07% 

Linear + RH y = 5.99 x - 13.72 RH 0.99 78684 2.12% 

Linear + density y = 6.00 x - 244.83 density 0.99 78659 2.09% 

Linear + CRI + density  y = 6.06 x - 7924 CRI + 4709 density 0.99 78134 2.02% 

Linear + CRI + RH  y = 6.00 x - 1090 CRI + 28.23 RH 0.99 78567 2.06% 

>0.5 µm Linear  y = 14.17 x 0.98 79716 2.92% 

Linear + CRI  y = 14.52 x - 605.95 CRI 0.98 79584 2.83% 

Linear + RH y = 14.39 x - 14.59 RH 0.98 79682 2.85% 

Linear + density y = 14.46 x - 322.64 density 0.98 79618 2.83% 

Linear + CRI + density  y = 14.59 x - 5054 CRI + 2828 density 0.98 79462 2.81% 

Linear + CRI + RH  y = 14.40 x - 1434 CRI + 40.68 RH 0.98 79518 2.78% 

>1 µm Linear  y = 14.85 x  0.96 76002 2.88% 

Linear + CRI  y = 15.15 x - 243.6 CRI  0.97 75950 2.91% 

Linear + RH y = 14.99 x - 4.28 RH 0.96 76000 2.89% 

Linear + density y = 15.08 x - 121.37 density 0.96 75973 2.90% 

Linear + CRI + density  y = 15.23 x - 3476 CRI + 2064 density 0.97 75789 2.87% 

Linear + CRI + RH  y = 14.98 x - 784.93 CRI + 26.40 RH 0.97 75884 2.89% 

>2.5 µm Linear  y = 2.2 x 0.66 62906 3.87% 

Linear + CRI  y = 2.48 x - 86.58 CRI 0.68 62717 3.95% 

Linear + RH y = 2.43 x - 2.79 RH 0.67 62808 3.84% 

Linear + density y = 2.46 x - 52.33 density 0.67 62737 3.93% 

Linear + CRI + density  y = 2.48 x - 343.19 CRI + 164.55 density 0.68 62699 3.93% 

Linear + CRI + RH  y = 2.42 x - 156.71 CRI + 3.38 RH  0.68 62695 3.95% 

>5 µm Linear  y = 0.11 x 0.31 38958 2.71% 

Linear + CRI  y = 0.14 x - 3.72 CRI 0.33 38843 2.83% 

Linear + RH y = 0.14 x - 0.16 RH 0.32 38849 2.78% 

Linear + density y = 0.14 x - 2.27 density 0.32 38853 2.82% 

Linear + CRI + density  y = 0.13 x - 12.76 CRI + 5.81 density 0.33 38841 2.82% 

Linear + CRI + RH  y = 0.14 x - 2.41 CRI - 0.06 RH 0.33 38848 2.83% 

>10 µm Linear  y = 0.11 x 0.70 8117 3.66% 

Linear + CRI  y = 0.14 x - 3.72 CRI 0.71 7997 3.69% 

Linear + RH y = 0.14 x - 0.16 RH 0.71 7998 3.65% 

Linear + density y = 0.14 x - 2.27 density 0.71 8022 3.66% 

Linear + CRI + density  y = 0.13 x - 12.76 CRI + 5.81 density 0.72 7918 3.67% 

Linear + CRI + RH  y = 0.14 x - 2.41 CRI - 0.06 RH 0.71 8000 3.68% 

Lower concentration range (APS total number concentration < 100 #/ cm3) (n = 1,838) 

>0.3 µm Linear  y = 4.84 x  0.97 30263 7.96% 

Linear + CRI  y = 4.95 x - 86.88 CRI 0.97 30263 8.02% 

Linear + RH y = 4.80 x - 1.08 RH 0.97 30270 7.94% 

Linear + density y = 4.92 x - 43.29 Density 0.97 30265 8.01% 

Linear + CRI + density  y = 4.98 x - 723.33 CRI + 396.15 Density 0.97 30259 7.98% 

Linear + CRI + RH  y = 4.94 x - 358.12 CRI + 13.68 RH  0.97 30235 7.94% 
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>0.5 µm Linear  y = 10.84 x  0.93 30285 10.39% 

Linear + CRI  y = 10.89 x - 9.97 CRI 0.93 30293 10.41% 

Linear + RH y = 10.38 x + 5.12 RH 0.93 30276 10.21% 

Linear + density y = 10.89 x - 5.98 Density 0.93 30293 10.41% 

Linear + CRI + density  y = 10.89 x - 15.80 CRI + 3.63 density  0.93 30300 10.41% 

Linear + CRI + RH  y = 10.83 x - 385.61 CRI + 18.91 RH 0.94 30234 10.23% 

>1 µm Linear  y = 12.50 x 0.92 26963 8.50% 

Linear + CRI  y = 11.21 x + 105.13 CRI  0.93 26844 7.99% 

Linear + RH y = 10.88 x + 6.37 RH 0.93 26734 7.68% 

Linear + density y = 11.17 x + 69.72 density  0.93 26828 7.97% 

Linear + CRI + density  y = 11.33 x - 361.34 CRI + 294.27 density 0.93 26812 7.94% 

Linear + CRI + RH  y = 11.10 x - 105.04 CRI + 10.59 RH 0.93 26713 7.57% 

>2.5 µm Linear  y = 0.51 x  0.60 14298 7.73% 

Linear + CRI  y = 0.46 x + 1.20 CRI  0.60 14284 7.72% 

Linear + RH y = 0.41 x + 0.13 RH 0.62 14192 7.76% 

Linear + density y = 0.46 x + 0.80 density 0.60 14282 7.72% 

Linear + CRI + density  y = 0.46 x - 4.61 CRI + 3.71 density 0.60 14286 7.68% 

Linear + CRI + RH  y = 0.45 x - 8.38 CRI + 0.48 RH 0.66 14018 7.22% 

>5 µm Linear  y = 0.01 x  0.35 -2612 11.52% 

Linear + CRI  y = 0.003 x + 0.04 CRI  0.43 -2845 12.04% 

Linear + RH y = 0.004 x + 0.002 RH 0.44 -2876 11.89% 

Linear + density y = 0.003 x + 0.03 density 0.43 -2856 12.01% 

Linear + CRI + density  y - 0.003 x - 0.06 CRI + 0.06 density  0.44 -2855 11.95% 

Linear + CRI + RH  y = 0.003 x + 0.007 CRI + 0.002 RH 0.44 -2869 11.91% 

>10 µm Linear  y = 0.004 x  0.19 -5846 15.16% 

Linear + CRI  y = 0.002 x + 0.009 CRI  0.22 -5922 17.97% 

Linear + RH y = 0.002 x + 0.0004 RH 0.22 -5926 17.74% 

Linear + density y = 0.002 x + 0.006 density  0.22 -5922 17.95% 

Linear + CRI + density  y = 0.002 x + 0.004 CRI + 0.003 density  0.22 -5915 17.97% 

Linear + CRI + RH  y = 0.002 x + 0.003 CRI + 0.0003 RH  0.22 -5920 17.91% 
a y: APS measurement; x: PMS measurement. The models emboldened for each size bin were the optimal model 

selected according to the BIC. 

Definition of abbreviations: n = number of datapoints; CRI = complex index of refraction; RH = relative 

humidity; BIC = Bayesian information criteria; NMAE = normalized mean absolute error.  

 

 

Table 6.2. Summary of the calibration models for mass concentration, the R2, Bayesian 

information criterion (BIC), and the normalized mean absolute error (NMAE). 

Indices Equation Regression a R2 BIC b NMAE 

Full concentration range (APS total number concentration between 0 – 1000 #/ cm3) (n = 4,134) 

PM1 

 

Linear y = 1.06 x 0.96 25852 3.11% 

Polynomial y = 0.76 x + 0.007 x
2
 0.97 24480 2.41% 

Linear + CRI y = 1.16 x - 2.12 CRI 0.97 25137 2.99% 

Polynomial + CRI y = 0.82 x + 0.006 x
2
 - 0.58 CRI 0.97 24446 2.48% 

Linear + RH y = 1.15 x - 0.08 RH 0.97 25333 3.03% 

Polynomial + RH y = 0.79 x + 0.01 x
2
 - 0.02 RH 0.97 24471 2.46% 

Linear + density y = 1.16 x - 1.51 density 0.97 24906 3.00% 

Polynomial + density y = 0.87 x + 0.01 x
2
 - 0.65 density 0.97 24351 2.54% 

Linear + CRI + density y = 1.13 x + 13.88 CRI - 10.13 density 0.97 24181 2.84% 

Polynomial + CRI + density 
y = 0.83 x + 0.01 x

2 
+ 14.44 CRI - 9.58 

density 
0.98 23432 2.33% 
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Linear + CRI + RH y = 1.15 x - 2.14 CRI + 0.001 RH 0.97 25143 2.99% 

Polynomial + CRI + RH y = 0.82 x + 0.006 x
2
 - 0.78 CRI + 0.01 RH 0.97 24451 2.47% 

PM2.5 

Linear y = 2.29 x 0.94 42435 4.53% 

Polynomial y = 1.55 x + 0.006 x
2
 0.96 41341 3.41% 

Linear + CRI y = 2.54 x - 16.04 CRI 0.95 41613 4.07% 

Polynomial + CRI y = 1.86 x + 0.004 x
2
 - 7.36 CRI 0.96 41227 3.47% 

Linear + RH y = 2.50 x - 0.53 RH 0.95 41983 4.12% 

Polynomial + RH y = 1.64 x + 0.005 x
2
 - 0.1 RH 0.96 41337 3.41% 

Linear + density y = 2.53 x - 10.36 density 0.95 41568 4.05% 

Polynomial + density y = 1.88 x + 0.004 x
2
 - 5.11 density 0.96 41199 3.48% 

Linear + CRI + density y = 2.52 x + 13.55 CRI - 18.82 density 0.95 41565 4.04% 

Polynomial + CRI + density 
y = 1.85 x + 0.004 x

2
 + 22.74 CRI - 19.13 

density 
0.96 41172 3.44% 

Linear + CRI + RH y = 2.51 x - 23.27 CRI + 0.36 RH 0.95 41565 4.07% 

Polynomial + CRI + RH 
y = 1.80 x + 0.004 x

2 
- 15.55 CRI + 0.42 

RH 
0.96 41152 3.44% 

PM10 

Linear y = 1.53 x 0.85 49963 3.56% 

Polynomial y = 0.72 x - 0.003 x
2
 0.88 48959 2.61% 

Linear + CRI y = 1.72 x - 27.80 CRI 0.86 49555 3.31% 

Polynomial + CRI y = 0.78 x + 0.003 x
2
 - 3.13 CRI 0.88 48963 2.63% 

Linear + RH y = 1.69 x - 0.96 RH 0.86 49716 3.33% 

Polynomial + RH y = 0.66 x - 0.003 x
2

 + 0.13 RH 0.88 48963 2.62% 

Linear + density y = 1.71 x - 17.91 density 0.86 49541 3.32% 

Polynomial + density y = 0.80 x - 0.003 x
2

 - 2.9 density 0.88 48958 2.65% 

Linear + CRI + density y = 1.71 x + 12.33 CRI - 25.67 density 0.86 49548 3.32% 

Polynomial + CRI + density 
y = 0.75 x + 0.003 x

2
 + 55.58 CRI - 37.27 

density 
0.88 48934 2.62% 

Linear + CRI + RH y = 1.69 x - 39.14 CRI + 0.56 RH 0.87 49544 3.31% 

Polynomial + CRI + RH 
y = 0.73 x + 0.003 x

2 
- 17.94 CRI + 0.75 

RH 
0.88 48931 2.61% 

Lower concentration (APS total number concentration < 100 #/ cm3) (n = 1,838) 

PM1 

 

Linear y = 0.72 x 0.90 6211 10.10% 

Polynomial y = 0.91 x - 0.02 x
2
 0.91 6053 9.23% 

Linear + CRI y = 0.6 x + 0.50 CRI 0.91 6020 8.82% 

Polynomial + CRI y = 0.71 x - 0.01 x
2
 + 0.36 CRI 0.91 6017 8.82% 

Linear + RH y = 0.60 x + 0.02 RH 0.92 5979 8.75% 

Polynomial + RH y = 0.70 x - 0.001 x
2

 + 0.02 RH 0.92 5971 8.68% 

Linear + density y = 0.62 x + 0.26 density 0.91 6077 9.04% 

Polynomial + density y = 0.82 x - 0.02 x
2
 + 0.1 density 0.91 6052 9.06% 

Linear + CRI + density y = 0.57 x + 4.80 CRI - 2.68 density 0.93 5746 8.16% 

Polynomial + CRI + density 
y = 0.80 x - 0.02 x

2 
+ 4.93 CRI - 2.95 

density 
0.93 5694 8.08% 

Linear + CRI + RH y = 0.60 x + 0.08 CRI + 0.02 RH 0.92 5989 8.73% 

Polynomial + CRI + RH y = 0.72 x - 0.01 x2 - 0.1 CRI + 0.02 RH 0.92 5987 8.69% 

PM2.5 Linear y = 1.10 x 0.91 11170 9.14% 
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Polynomial y = 1.34 x - 0.01 x
2
 0.91 11087 8.80% 

Linear + CRI y = 0.98 x + 1.37 CRI 0.92 11061 8.48% 

Polynomial + CRI y = 1.09 x - 0.004 x
2

 + 1.06 CRI 0.92 11064 8.49% 

Linear + RH y = 0.94 x + 0.09 RH 0.92 10932 8.11% 

Polynomial + RH y = 0.92 x + 0.001 x
2
 + 0.09 RH 0.92 10939 8.11% 

Linear + density y = 0.99 x + 0.80 density 0.91 11076 8.55% 

Polynomial + density y = 1.14 x - 0.01 x
2
 + 0.54 density 0.92 11074 8.58% 

Linear + CRI + density y = 0.97 x + 6.51 CRI - 3.23 density 0.92 11043 8.40% 

Polynomial + CRI + density 
y = 1.09 x - 0.004 x

2
 + 6.28 CRI - 3.31 

density 
0.92 11045 8.42% 

Linear + CRI + RH y = 0.97 x -1.87 CRI + 0.16 RH 0.92 10890 8.01% 

Polynomial + CRI + RH y = 1.14 x - 0.006 x
2
 - 2.43 CRI + 0.17 RH 0.92 10885 7.97% 

PM10 

Linear y = 0.63 x 0.89 11878 9.30% 

Polynomial y = 0.86 x - 0.01 x
2
 0.90 11686 8.53% 

Linear + CRI y = 0.55 x + 1.92 CRI 0.90 11716 8.45% 

Polynomial + CRI y = 0.75 x - 0.004 x
2

 + 0.88 CRI 0.90 11675 8.34% 

Linear + RH y = 0.52 x + 0.12 RH 0.91 11566 8.10% 

Polynomial + RH y = 0.62 x - 0.002 x
2

 + 0.1 RH 0.91 11556 7.99% 

Linear + density y = 0.55 x + 1.12 density 0.90 11741 8.54% 

Polynomial + density y = 0.78 x - 0.004 x
2

 + 0.38 density 0.90 11685 8.41% 

Linear + CRI + density y = 0.54 x - 11.26 CRI - 5.92 density 0.90 11662 8.26% 

Polynomial + CRI + density 
y = 0.72 x - 0.003 x

2
 + 9.58 CRI - 5.45 

density 
0.90 11631 8.16% 

Linear + CRI + RH y = 0.54 x - 2.15 CRI + 0.20 RH 0.91 11627 8.01% 

Polynomial + CRI + RH y = 0.78 x - 0.004 x
2 

- 3.57 CRI + 0.21 RH 0.91 11461 7.75% 
a y: APS measurement; x: PMS measurement. The models emboldened for each size bin were the optimal model 

selected according to the BIC. 

Definition of abbreviations: n = number of datapoints; CRI = complex index of refraction; RH = relative 

humidity; BIC = Bayesian information criteria; NMAE = normalized mean absolute error. 

 

6.2 TIME-SERIES PLOTS OF INDOOR AND OUTDOOR PM2.5 CONCENTRATIONS 

THROUGHOUT THE 2020 WILDFIRE STUDY 
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Figure 6.1. Time-series plots of indoor and outdoor PM2.5 concentrations compared to the reference monitors for each 

sampling site during the wildfire. The blue and red lines illustrate the sensors' indoor and outdoor PM2.5 concentrations 

measurements, and the green line illustrates the averaged PM2.5 measurements from the nearby regional monitoring sites. 



124 

 

P
M

 2
.5

 C
o

n
ce

n
tr

at
io

n
 (

µ
g

/m
3 )

 

 

L1 

 

L5 

 

L2 

 

L6 

 

L3 

 

L7 

 

L4 
 

 

Figure 6.2. Time-series plots of indoor and outdoor PM2.5 concentrations compared to the reference monitors for each 

sampling site during the wildfire. The blue and red lines illustrate the sensors' indoor and outdoor PM2.5 concentrations 

measurements, and the green line illustrates the averaged PM2.5 measurements from the nearby regional monitoring sites. 
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