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A B S T R A C T   

Ambient levels of particulate matter (PM) are linked to numerous adverse health effects. How
ever, fewer studies have evaluated the effects of coarse PM (larger than 2.5 μm in diameter), and 
ambient measurements of coarse PM are particularly sparse. Although low-cost PM sensors have 
been used to complement regulatory measurements of PM2.5, many of these sensors, such as the 
Plantower PMS5003, are ineffective in measuring coarse PM. The Alphasense OPCs have shown 
promise in detecting coarse PM and have been used in the field to measure PM10 concentrations. 
These field evaluations have identified inter-sensor variability. Although field evaluation is 
critical for understanding sensor performance under environmentally relevant conditions, it 
provides limited information about sensor response characteristics, which are essential for 
determining the factors that may affect sensor measurements and contribute to inter-sensor 
variability. This study aims to understand these factors by conducting a size-selectivity study 
using monodisperse particles, and evaluating the effect of instrument-specific properties, like flow 
rate and laser strength, on the sensor-reported sizes and number counts. This study also evaluates 
a common low-cost sensor, the Plantower PMS5003, and a newer version, the PMS6003, for size 
selectivity. Monodisperse dioctyl sebacate particles of various diameters (2, 3, 5, 6, 9, and 10 μm) 
were generated using a flow-focusing monodisperse aerosol generator, and the performance of 
nine different OPCs was evaluated. For all sizes tested, the nine OPC-N3s detected the particles, 
showed a peak near the target diameter, and exhibited some inter-sensor variability. The four 
PMS5003s and four PMS6003s detected all particle sizes but assigned all particles to the smallest 
size bin i.e., 0.35 μm–1 μm. With an aerodynamic particle sizer (APS) as a reference, the OPCs 
showed a positive bias for mean particle diameter and a coefficient of variance (CV) of less than 
10%. For number concentration, the OPCs showed a negative bias, compared to the APS, and 
inter-sensor variability increased with the particle diameter. The laser wavelength of the OPC-N3s 
varied between 600 and 650 nm and appeared to have some effect on inter-sensor variability of 
the mean size. The flow rate reported by the OPC appeared to affect the inter-sensor variability in 
the number concentration.   

1. Introduction 

Particulate matter (PM) with a diameter less than 10 μm, PM10, is inhalable and has been linked to cardiovascular, cerebrovascular, 
and respiratory mortality (Liu et al., 2019; Orellano et al., 2020), lung cancer (Consonni et al., 2018), increased incidence of 
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pneumonia (Yee et al., 2021), asthma (Zheng et al., 2015), stroke (Cai et al., 2022), and adverse birth outcomes (Jacobs et al., 2017). 
The World Health Organization (WHO) has set guidelines for 24-h and annual average PM10 concentration at 45 μg/m3 and 15 μg/m3, 
respectively (WHO, 2021). PM10 concentrations exceeding these guidelines have been observed during dust events, and in subway 
stations, schools, construction sites, and occupational settings (Araújo et al., 2014; Azarmi et al., 2016; Gomes et al., 2022; Kim et al., 
2008; Lee & Chang, 2000; Singh et al., 2022; Xiang et al., 2015). PM10 settles quickly and tends to be more spatially heterogeneous 
than PM2.5 (PM with a diameter less than 2.5 μm) (Keet et al., 2018). However, regulatory measurements of PM10 are spatially and 
temporally sparser than PM2.5 measurements. For example, the US EPA has 1097 active sites that measure PM2.5 concentration but 
only 599 active sites that measure PM10 concentration (EPA, 2022). 

Low-cost sensors can complement regulatory measurements to provide higher spatial and temporal resolution estimates of PM 
concentration in both indoor and outdoor settings (Bi et al., 2020; Caplin et al., 2019; Caubel et al., 2019; Chatzidiakou et al., 2020; 
Crawford et al., 2021; Do et al., 2021; Hegde et al., 2020; Li et al., 2018; Lim et al., 2019). The most commonly used low-cost PM 
sensors employ a laser or LED source and photodiode and estimate the particle concentrations using proprietary algorithms that 
convert light scattered into particle concentrations (e.g., Plantower PMS series, Honeywell HMS series, Sensirion SPS, Sharp GP2Y, 
etc.)(Bulot et al., 2020; Kuula et al., 2020; Sayahi et al., 2019). These low-cost sensors are generally effective for PM2.5, although they 
require appropriate calibrations (Giordano et al., 2021). The Plantower PMS5003 is a common low-cost PM sensor that is being used in 
several air-quality sensor networks (i.e., PurpleAir, Clarity) and in numerous studies aimed at understanding geospatial differences in 
PM2.5 concentration and estimating PM2.5 exposure (Bi et al., 2020; Kelly et al., 2021; Liang et al., 2021). The PMS5003 has been 
evaluated extensively in the laboratory and the field, and the measurements tend to correlate well with PM1 or PM2.5 concentration but 
perform poorly for coarse PM (particle diameter >2.5 μm), such as PM10 (Chojer et al., 2022; Kosmopoulos et al., 2020; Kuula et al., 
2020; Mei et al., 2020; Sayahi et al., 2019; Singer & Delp, 2018; Vogt et al., 2021). The reasons behind this poor performance for coarse 
PM include the PMS’s use of a polarized laser, the angular truncation of the scattered light, and particle losses (i.e., due to aspiration 
and impaction on the internal surfaces of the sensor)(Ouimette et al., 2022). 

The Plantower PMS6003 is a newer product that utilizes two lasers for an extended lifespan of the sensor (PlanTower, 2022). The 
PMS6003’s configuration differs from that of the PMS5003 (Fig. 1), and this sensor can be found in the PurpleAir–II–Flex sensor. The 
PMS6003 is also incorporated in the Clarity Node-S and is advertised to measure PM10. Very limited studies have evaluated the 
PMS6003 performance (Demanega et al., 2021). 

The Alphasense OPC-N3 is a low-cost PM sensor that shows promise for measuring particle diameters larger than PM2.5. Unlike the 
typical low-cost sensors, which use a light source and a photodetector, the OPC-N3 also includes an elliptical mirror to capture the 
scattered light from a broad range of angles and a dual-element photodetector, and it allows particle counting in 24-size bins in the 
range of 0.35–40 μm (Technical Specifications OPC-N3 Particle Monitor, 2019). The working principle of the OPC-N3 is similar to an 
aerosol spectrometer, as it measures single-particle light scattering (Vogt et al., 2021). The OPCs rely on Mie theory to determine 
particle size, where the scattering intensity of light depends on the size, refractive index, laser wavelength, and scattering angle. The 
OPC-N3 comes calibrated by the manufacturer using the polystyrene latex particles (diameters ranging from 0.8 to 5 μm), and the 
default setting (refractive index and density) is set to that of PSL properties. Since ambient particles have varying properties, field 
calibrations under relevant environmental conditions are typically recommended (Barkjohn et al., 2021; Giordano et al., 2021). 
Several studies have found that the OPC-Ns (OPC-N3 and OPC-N2) correlate well with PM10 concentrations measured by 
research-grade instruments in laboratory studies (R2 = 0.93–0.99) but moderately well in field studies (R2: 0.53–0.80) (Bílek et al., 
2021; Crilley et al., 2018; Dubey, Patra, Joshi, Blankenberg, Kolluru, et al., 2022; Dubey, Patra, Joshi, Blankenberg, & Nazneen, 2022; 
Samad et al., 2021; Sousan et al., 2016, 2021). Field studies of the OPC-N2 and -N3 have reported some inter-sensor variability. Crilley 
et al. (2018) reported a coefficient of variance (CV) of 22 ± 13% for 14 OPC-N2 sensors for ambient PM10 mass concentrations. Dubey, 
Patra, Joshi, Blankenberg, Kolluru, et al. (2022) did report a lower CV of 2.54–2.73% for PM10 for the OPC-N2, as compared to GRIMM 
portable aerosol spectrometer, but they only used two sensors. Although field evaluation is critical for understanding sensor perfor
mance under environmentally relevant conditions, it provides limited information about sensor response characteristics, which are 
essential for determining the factors that may affect sensor measurements and contribute to inter-sensor variability. 

Previous laboratory-based evaluations of the Alphasense OPC either used polydisperse particles, like Arizona Road Dust, sea salt, 

Fig. 1. Flow configuration for the PMS5003, PMS6003, and OPC-N3 sensors. Images not to scale.  
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welding fumes, and synthetic dust, or used monodisperse polystyrene latex beads (PSL) of diameter ranging 0.8–5 μm (Li et al., 2020; 
Samad et al., 2021; Sousan et al., 2016, 2021; Streuber et al., 2022). To the best of our knowledge, only one study used a large range of 
PSL monodisperse particles (2.5, 5.1, 7.2, and 10 μm) for OPC-N2 evaluation, but it only compared the performance of two OPC-N2s 
with another scattering-based research grade instrument, i.e., the GRIMM portable aerosol spectrometer (PAS) 1.109 (Bezantakos 
et al., 2018). 

This study evaluated nine OPC-N3 sensors to understand factors that may affect inter-sensor variability. It also evaluated the OPC- 
N3, and the Plantower PMS5003 and PMS6003 sensors for size selectivity. This study utilized a flow-focusing monodisperse aerosol 
(FMAG) generator, which generates highly monodisperse particles at a consistent concentration, and used the TSI Aerodynamic 
Particle Sizer (APS), which relies on the particle inertia to measure particle size and concentration. 

2. Methods 

2.1. Sensors and reference monitor 

The low-cost sensors tested in this study include the Alphasense optical particle counter (OPC-N3, Alphasense Ltd, $500), the 
Plantower PMS5003 ($20) integrated into the PurpleAir II (~$259), and the Plantower PMS6003 ($20) integrated into the PurpleAir II 
Flex ($299). Prices of low-cost PM sensors vary widely, and for this study, we define a low-cost sensor as having a purchase price of less 
than $2500 (Clements et al., 2018; EPA, 2014; Giordano et al., 2021; Karagulian et al., 2019; Khreis et al., 2022). It is worth noting that 
if the OPC-N3 were integrated into an internet-enabled device, like the PurpleAirs, it would likely cost $2000 - $3000. 

The Alphasense OPC-N3 uses a class 1 laser (~658 nm) to detect, size, and count particles in the range of 0.35–40 μm in 24 bins. It 
estimates PM1, PM2.5, and PM10 concentrations from the counts using an embedded algorithm. The OPC-N3 contains an elliptical 
mirror to help focus scattered light from a broad range of angles onto its photodiode (Fig. 1). The default setting for refractive index 
(real part of 1.5) and density (1.65 g/cm3) were used in this study because these settings can only be changed by the manufacturer. The 
OPC-N3 uses an internal fan to create flow, and as per manufacturer, the typical sample flow rate of the sensor, is 0.28 LPM. Each OPC- 
N3 was connected to a laptop with manufacturer-provided software, and it stored measurements every 5 s. The measurements included 
the date, size bin and counts, sample flow rate, laser wavelength, relative humidity, temperature, and PM1, PM2.5, and PM10 con
centrations. Nine OPC-N3s were evaluated in the study, five (OPC1, OPC2, OPC3, OPC4, and OPC5) of them were purchased in April of 
2021, and the remaining four were purchased in January of 2022 (OPC 6, OPC7, OPC8, and OPC9). Before this study, OPC1 - OPC5 
were deployed in the field for four months, and OPC6 and 7 were each field deployed for two months. OPC1 was also used in a two- 
month laboratory study with incense particles. OPC 8 and OPC 9 were new. 

Fig. 2. Schematic of the laboratory evaluation of OPC and PMS sensors. (a) FMAG-generated monodisperse aerosol supplemented with dilution air 
(8 LPM and 9 LPM for OPC and PMS evaluation, respectively) (b) OPC evaluation: the FMAG-generated particles were first measured by the APS 
(b.1) and then by OPC-N3 (b.2). The connections between the hose (FMAG exit) and APS and OPC-N3 allowed the excess flow to exhaust to the 
hood. (c) PMS sensor evaluation: approximately 1 LPM flow from FMAG was diluted with particle-free air before being analyzed by the APS and 
PMS sensors simultaneously. The connections for the PMS evaluation were closed connections. An image of the PMS setup can be found in the 
supplementary material (Fig. S1). ID: inner diameter; In-V: incoming velocity; I-V: inlet velocity. 
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This study also evaluated the Plantower PMS 5003 and PMS6003 low-cost sensors, integrated into the PurpleAir II and the 
PurpleAir-PAII-Flex, respectively. PMS sensors are quasi-nephelometers, which use a fan to create flow (~0.1 LPM), a red laser (~680 
±10 nm), a scattering angle of 90o, and a photo-diode detector to measure total scattering from a plume of particles. The PMS sensor 
converts the total light scattering into several different air quality parameters, including particle counts (0.3–10 μm), PM1, PM2.5, and 
PM10 using an embedded algorithm. Unlike the PMS5003, the PMS6003 deploys two lasers for increased sensor lifespan (PlanTower, 
2022). Fig. 1 shows the flow configuration of the two PMS sensors. For both sensors, the flow path involves more than one 90-degree 
turn before reaching the photodiode. The PMS6003 includes a feature to avoid possible stagnation and sharp corners (‘Block’ in Fig. 1). 
The particle counts, PM1, PM2.5, and PM10 measurements with a collection frequency of 2 min were downloaded from the PurpleAir 
database or stored in the SD card. This study used the particle counts for the different bins without any additional corrections. Two 
Purple Air II (named PA1 and PA2) and two PurpleAirPA-II Flex (named Flex 1 and Flex 2), each containing two sensor nodes, were 
evaluated in this study. Before this study, PurpleAir II and PurpleAir-PAII-Flex were field deployed for two months. 

This study used the aerodynamic particle sizer (APS, TSI 3321, TSI Inc., Minneapolis, USA) as a reference. The APS measures the 
aerodynamic size (diameter) of particles in the range of 0.523 μm–19.81 μm in 52 size bins. Each scan of APS required 20 s. APS data 
were recorded using manufacturer-provided software AIM 8.1.0.0. 

2.2. Study design 

This study aims to evaluate the size selectivity of OPC-N3, PMS5003, and PMS6003, and instrument factors in the OPC-N3 that may 
affect inter-sensor variability. The sensors’ performance was evaluated with monodisperse aerosols generated using the FMAG (dis
cussed in the next section). Monodisperse particles with diameters of 2, 3, 5, 6, 9, and 10 μm were used for the evaluation of OPC-N3, 
and diameters of 2, 5, and 10 μm were used for the PMS sensors. 

2.2.1. Evaluation of OPC-N3 
Because the OPC-N3 allows measurement of high number concentrations (10,000 particles/sec) the flow leaving the FMAG (8 LPM 

of dilution air) was not diluted further. The FMAG-generated monodisperse particles flowed through a 1–inch hose (inner diameter, 
provided by the FMAG manufacturer, Fig. 2a) to the APS (Fig. 2b.1). The connection of the APS and FMAG outlet (the hose) was not 
closed (Fig. 2b.1), i.e., the APS inlet of ¾ inch was loosely connected to the 1-inch hose (FMAG exit) such that excess flow escaped into 
the hood. The suction velocity of APS (0.29 m/s) was also slightly greater than the incoming velocity from the hose (0.26 m/s). The 
APS confirmed the particle size distribution (PSD) of the FMAG-generated aerosols. A minimum of ten, 20-s APS measurements were 
collected to ensure the stability of the FMAG’s PSD. Later, each OPC-N3 sensor was evaluated individually. For the OPC-N3, its inlet 
(inner diameter of 1/8 inch) was adjusted to be in the center of the FMAG’s outlet hose. The connection was open (Fig. 2b.2), i.e., the 
excess flow escaped into the hood. The inlet velocity of the OPC-N3, using the manufacturer-provided flow rate of 0.28 LPM, was 0.59 
m/s, which exceeds the velocity in the FMAG’s exhaust (1-inch hose with a velocity of 0.26 m/s). Each OPC-N3 collected measure
ments for 5 min with a sampling interval of 5 s. The measurements from the OPC-N3 were stored on a laptop using the manufacturer- 
provided software. At the end of the evaluation of all OPC-N3s for each target diameter, a minimum of three APS measurements were 
collected (three 20 s runs) to ensure that the PSD did not shift during the testing. To check the reproducibility of the OPC-N3 sensor 
response, four of these sensors were evaluated a second time for the 2, 5, and 10 μm target diameters. 

2.2.2. Evaluation of PMS sensor 
Due to the PMS sensor’s limit on PM mass concentration (maximum range <1000 μg/m3 for PM2.5), the flow exiting the FMAG was 

diluted. The flow exiting the FMAG was divided using Y connectors (inner diameter of 1 inch). One end of the first Y connector was 
connected to a pump that drew a set amount (8 LPM), and the remaining was diluted with particle-free air (11 LPM, controlled using a 
mass flow controller) using another Y connector (inner diameter of 1 inch) (Fig. 2c). The diluted flow was further divided using a 
second Y connector, with one end connected to the APS (taking 5 LPM), while the other end was connected to the enclosure (di
mensions 8x4x4 inches) with an inlet in the form of a funnel (Fig. 2c). The diameter of the funnel end connected to the enclosure was 
~2.5 inches. The PMS sensors were placed in the enclosure, with the inlet facing the incoming aerosol (to assist with aspirating the 
coarser PM), and sampled for a minimum of 20 min with a 2-min sampling interval. The incoming velocity of the monodisperse 
particles into the enclosures was approximately 0.037 m/s, which is lower than the typical ambient wind speed (1–3 m/s) (Ouimette 
et al., 2022). The PMS measurements were stored in the PurpleAir cloud for the PMS 5003 and stored on an SD card for PMS 6003. 
Unlike the OPC-N3s, continuous APS measurements were taken while evaluating the PMS sensors. 

2.3. Monodisperse particle generator 

This study used monodisperse particles generated using FMAG (FMAG 1520, TSI INC., USA). The details of FMAG can be found by 
Duan et al. (2016). Briefly, the FMAG squeezes a liquid (a mixture of a non-volatile solute and solvent) through a nozzle to form a jet 
using coaxial flow-focusing air. This jet is disrupted by mechanical vibrations to create droplets of uniform and target diameter (more 
information on the working theory in supplementary material). The droplets can then be dried using particle-free air to obtain particles 
(solid or liquid) of a known diameter. The FMAG can be used to calibrate other PSD measuring instruments, like the APS or GRIMM. 
According to the manufacturer, the FMAG can generate particles with a diameter ranging between 0.8 μm–8.5 μm (solid) or 0.85 
μm–12 μm (liquid) with a geometric standard deviation of <1.05 for liquid/solid particles (TSI, 2022). 

In this study liquid particles with target diameters of 2, 3, 5, 6, 9, and 10 μm were generated using the FMAG. Dioctyl sebacate 
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(DOS, Sigma Aldrich, density of 0.914 g/cm3) was mixed in a known volumetric concentration of isopropyl alcohol (IPA, 99.99%, 
Sigma Aldrich). The FMAG-generated liquid particles are spherical (Duan et al., 2016) and are a good candidate to explore the size 
selectivity of the OPC-N3 and PMS sensors, as they assume the particles to be spherical. The concentration of DOS, vibration frequency, 
and injection flow rate were adjusted to obtain the target diameter (Table 1). For the OPC-N3 evaluation, the dilution air flowed at a 
rate of 8 LPM and was used to dry and transport the particles. For the PMS sensor evaluation, the dilution flow rate was 9 LPM. The 
flow-focusing pressure (ΔP) was fine-tuned to narrow the PSD peak (Table 1). 

The minimum target diameter used in the study was 2 μm. The target diameter of 1 μm was attempted, but the background from the 
IPA was substantial, producing bimodal instead of a single mode of monodisperse particles. Consequently, this study evaluated the size 
selectivity of OPCs and two different PMS models at sizes of 2 μm and larger. 

For the blank/background measurements, the syringe pump was not operated (not producing any particles) and the rest of the 
system was operated as normal. All the sensors and APS returned zero counts (data not included) for the blank measurements. 

3. Data analysis 

For aerodynamic particles bigger than 4 μm, the APS-reported aerodynamic diameters were first corrected for size shift caused by 
the deformation of the liquid droplets (Chen et al., 1990; Duan et al., 2016) and the nozzle constriction using correction equations 
provided by Baron et al. (2008) for DOS particles: 

da m = da + Δ  

With da m as the aerodynamic diameter provided by the APS, da as the corrected aerodynamic diameter, and Δ is the size shift in 
micrometers, taken from Baron et al. (2008): 

Δ = − a ∗ db
a

/
(ηcσe)

With η as liquid particle viscosity in Pa-s (0.027 Pa-s for DOS) and σ as the liquid surface tension in N/m (0.0322 N/m for DOS). The a, 
b, c, and e were the fitted constant for APS model 3321 and were 2.723*10−4, 2, 0.6486, and 0.3864, respectively (Baron et al., 2008). 
The APS bins starting with a mean bin size of 4.05 μm were corrected. The detailed bin sizes are shown in the supplementary material 
(Table S1). 

The OPCs report particle diameter based on light scattering, which is equivalent to particle geometric diameter for spherical 
particles. The FMAG liquid-generated particles are reported to be spherical. For a better comparison between the low-cost sensors and 
APS, the corrected APS aerodynamic diameter Da was converted to particle geometric diameter using the correlation below (Duan 
et al., 2016): 

Dp =

(
ρo

ρp

)0.5

Da  

Where, Dp the particle diameter (geometric), ρo is the density of the water (taken as 1 g/cm3), ρp is the density of the particle (taken as 
0.914 g/cm3 for DOS), Da is the corrected aerodynamic diameter of the particle. All the further data analysis was performed using Dp. 

The particle number concentrations provided by the APS were corrected for the counting efficiency by dividing the APS-reported 
number concentrations by the counting efficiency. Similar to the work described by Volckens and Peters (2005) and Tryner et al. 
(2020), the APS’s counting efficiency for liquid particles of diameter 0.8 μm is approximately 0.75 and this efficiency decreases linearly 
to 0.25 for a particle diameter of 10 μm. The efficiency for particles smaller than 0.8 μm and bigger than 10 μm was assumed to be 
constant at 0.75 and 0.25, respectively. Although the particles were primarily monodisperse, there was a size distribution, resulting in 
some particles smaller than 2 μm and some larger than 10 μm, depending on the target diameter. The corrected total number con
centration, including any noise peak, was used to assess the bias in the number concentrations reported by OPC-N3. 

For the updated APS size bins, i.e., in terms of Dp and the corrected number concentrations, the mean, mode, median, total number 
concentration, and geometric standard deviation for each measurement were calculated using the equations provided by the manu
facturer in the APS manual (TSI, 2006). The mean Dp was used to evaluate the bias in the mean diameter reported by OPC-N3, for all 
the target diameters tested. 

Table 1 
FMAG conditions used to generate monodisperse particles.  

Target diameter 
(μm) 

DOS Conc in IPA (V/V) Frequency 
(kHz) 

ΔP (psi) Q Injection Flow rate (mL/ 
hr) 

Theoretical Geometric Particle diameter 
(μm) 

1 1.25E-4 120 1.04 2 1.03 
2 1.25E-4 62.1 0.91 7.5 2.00 
3 1E-3 69 0.61 3.5 3.00 
5 2.5E-3 69 0.87 6.5 5.00 
6 1E-2 67.5 0.61 2.85 6.07 
9 2E-2 64 0.60 4.6 9.14 
10 2E-2 79.3 1.01 7.5 10.0  
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Dp based APS bins were used for plotting the PSD. To compare the PSDs between the APS and the OPC-N3, the number concen
trations (#/cm3) were converted to dN/dlogDp The details of the APS bin lower bounds, upper bounds, and bin width in terms of Dp can 
be found in Table S1 (Supplementary material). To compare the APS measurements with the PMS PSD, the APS bins were grouped into 
five bins: 0.3–1 μm, 1–2.5 μm, 2.5–5 μm, 5–10 μm, and >10 μm, based on the geometric diameter (Dp). To do so, for every APS 
measurement, the particle counts were summed to the corresponding size bin intervals. When the exact upper limit or lower limit (0.3, 
1, 2.5, 5, and 10 μm) was not available in the APS bins, the nearest bin limit was used. For example, counts between APS mean bin sizes 
of 1.009 μm–2.57 μm were used to represent the PMS 1–2.5 μm size bin. 

For the OPC-N3, the mean particle size (diameter) was measured from the number counts and mean bin diameter. The number 
concentrations (#/cm3) were obtained by dividing the number counts (#/sec) by the OPC’s reported sample flow rate (mL/s). For the 
OPC-N3, bias in total number concentration and mean particle diameter was calculated using the APS as the reference. The bias was 

Fig. 3. PSD measured with 9 OPC-N3s and one APS for different monodisperse target diameters. Error bars represent standard deviation (n = 60 for 
OPC; n = 10 for APS). PSD in terms of absolute number can be found in the supplementary material (Fig. S2). 
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calculated using: 

Bias% =
1
N

∑N

1

YOPC − YAPS

YAPS
∗ 100  

where N is the total number of runs, YOPC is the OPC measurement, and YAPS is the APS measurement The measurements include total 
number concentrations (#/cm3) and mean particle size (μm). The effect of the OPC’s measured flow rate on the number bias and the 
effect of the OPC’s reported laser wavelength on the mean particle diameter were also evaluated. 

The coefficient of variance (CV) was used to measure the precision, reproducibility, and inter-sensor variability of the OPC-N3 
sensors using the following equation: 

CV =
σ
m

∗ 100  

Where σ is the standard deviation and m is the mean of the measurements. The OPC measurements include the total number con
centration and mean particle size measures. Although low-cost sensor performance guidelines are not available for particle counts or 
PM10 concentrations, the US EPA’s performance guidelines for PM2.5 sensors recommends a CV value of less than 30%, and this 
guideline is used for discussion purposes (Duvall M. R. et al., 2021). 

4. Results and discussion 

4.1. FMAG 

The monodisperse particles generated by the FMAG had a mean diameter close to the target diameter (Fig. 3). The mean diameter 
obtained from the APS (Dp) was within 5% of the target diameter. Table 2 provides the mean and CV values for the different FMAG 
target diameters. It indicates that the CV values primarily remained below 3% and that the FMAG produced stable particle diameters. 
For target diameters of 2 and 3 μm, the APS measurements revealed a peak for the diameter <0.54 μm, which could be due to the 
background from solvent and solute (Fig. 3). The particle size is considered monodisperse if the GSD is less than 1.25 (Japuntich et al., 
1990). A somewhat higher GSD was observed for the 9 and 10 μm target diameters, mostly due to the shoulder peak. A shoulder peak 
was observed for all target diameters, and this shoulder became more visible with increasing target particle diameter (Fig. 3). This 
could be due to the doublet formation, i.e., coagulation of single droplets (Duan et al., 2016). Although the fraction of doublets was 
minimized by tweaking the frequency, the shoulder peaks were not fully eliminated. The increasing solute background associated with 
increasing DOS concentration could also be another reason for the shoulders. 

4.2. Performance evaluation of the OPC-N3 

Fig. 3 shows the PSD obtained from the 9 different OPC-N3s for 6 different monodisperse particle diameters. For all the diameters 
tested, the OPC-N3 exhibited a peak near the target particle diameter, although the peaks were broader than the APS, which could be 
due to the larger OPC-N3 bin sizes. The OPC-measured peak magnitude (Fig. 3) is higher for the APS and is due to the smaller size bins 
as compared to the OPCs. Fig. 3 also shows that the peaks were shifted to the right compared to the APS. This variation was expected 
because the OPC-N3 was pre-calibrated by the manufacturer with polystyrene latex (PSL) particles, which have a different refractive 
index (1.59+0i) compared to the DOS particles (1.45 +0i). The different refractive indices may result in different bin assignments 
(Hagan & Kroll, 2020). Also, the OPC’s large and non-uniform bin sizes further affected the reported mean sizes. For example, the bin 
width for the OPC-N3 increases from about 0.5 μm at 2 μm, to 1 μm at 3 μm and to 2 μm at 8 μm, which could also contribute to the 
increasing bias with the target diameter. 

The nine OPC-N3s exhibited some inter-sensor variability in mean particle diameter, and the difference remained somewhat 
consistent irrespective of the target diameter (Fig. 4). Although the bias with respect to APS in mean diameter increases with the target 
diameter, the difference in the bias between sensors was generally less than 30%. The CV for the mean diameter measured by the nine 
OPCs varied between 3.86 and 7.47% (Table 3), well within the EPA CV guideline, for all target diameters tested. OPC1 reported the 
lowest mean diameter among all sensors for all target diameters tested (Fig. 4 left). OPC7 and OPC9 reported the greatest mean 

Table 2 
APS measurements of monodisperse particles for the different FMAG target diameters, used for evaluation of OPC-N3s. The values correspond to 
average values with the CV (%) in parentheses. The diameter corresponds to the particle geometric diameter (Dp), which was obtained by converting 
the corrected APS aerodynamic diameter to geometric diameter. The APS concentrations were corrected for counting efficiency. Table S2 shows the 
APS measurements collected during PMS sensor evaluation.   

2 μm 3 μm 5 μm 6 μm 9 μm 10 μm 

Median (μm) 1.96 (1.77) 2.89 (3.37) 4.66 (3.97) 5.73 (3.67) 8.89 (2.53) 10.39 (4.17) 
Mean (μm) 2.11 (0.72) 3.06 (2.01) 4.99 (1.11) 6.14 (1.30) 9.17 (0.96) 10.36 (2.47) 
Mode (μm) 2.07 (0.00) 3.01 (2.98) 4.81 (0.00) 6.05 (0.00) 9.65 (2.08) 10.52 (0.00) 
GSD 1.13 (0.37) 1.24 (1.44) 1.16 (0.15) 1.22 (1.81) 1.26 (0.68) 1.23 (3.96) 
Total Concentration (#/cm3) 437 (1.72) 514 (7.15) 656 (0.61) 564 (2.81) 376 (2.69) 406 (6.02)  
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diameter among all the sensors. (Fig. 4). 
Several factors may be responsible for the observed inter-sensor variability. OPC-N3 relies on measured scattered intensity and 

other known parameters (refractive index, shape, wavelength, etc.) to infer the radius of a particle. Typically, a pre-generated cali
bration curve (scatter intensity vs. radius) is used to infer the radius using the measured scattered intensity. Mie’s theory describes how 
scattered intensity by a particle depends on particle size, shape, concentration, refractive index, the wavelength of the incident light, 
the polarization of the incident light, scattering angle, and the angle of observation. Several of these factors (refractive index, scattering 
angle, observation angle, and particle shape) remained constant for all experiments and OPCs in this study. Furthermore, the particle 
counts in this study were well within the manufacturer’s recommended range, and therefore the particle concentration was not 
considered as a factor in inter-sensor variability. It is also possible that deposits on the OPC’s elliptical mirror and photodetector may 
affect inter-sensor variability, but this was not evaluated because examining deposits would require opening the OPCs and voiding the 
manufacturer’s warranty. Consequently, this study examined laser performance as a factor in the inter-sensor variability of particle 
size (Fig. 5). 

Fig. 5 shows that the laser wavelength of the nine sensors varied between 600 and 650 nm. The wavelengths for OPC8 (~605 nm) 
and OPC1 (~640 nm) were at the edges of this range for all target diameters (Fig. 5). OPC1 had the lowest wavelength and the lowest 
mean size. OPC8 had the highest wavelength and exhibited the highest mean size for most cases. For the sensors OPC2 -7, the 
wavelength varied between 617 and 629 nm, and the mean sizes varied with the target diameter but remained higher than OPC1 
(highest wavelength). Overall, the OPC-reported mean particle diameters tended to decrease with increasing wavelength. This 
observation correlates well with the Mie theory, where for a particle diameter larger than the incident wavelength (as in this study), the 
scattering coefficient decreases with increasing wavelength (Purcell & Pennypacker, 1973). A decreased scattering coefficient implies 
decreased scattered light intensity, at a given angle, and since the OPCs estimate of size is based on the scattered intensity, a lower 
scattered intensity would result in sizing the particle smaller than the actual size. The variation in mean particle diameter could also be 
caused by dust accumulation on the OPC’s elliptical mirror or any impurities in the sensor’s optics that can affect scattered light and 
consequently the size estimated by the OPC-N3 (Bezantakos et al., 2018). 

For all target diameters except for 9 μm and 10 μm (Fig. 4 right), the OPCs underestimated the number concentration compared to 
the APS. For the 10 μm target diameters, two of the sensors had a positive bias, whereas the remaining seven showed a negative bias. 
For particles greater than 10 μm, the counting efficiency of the APS was assumed to be the same as that of 10 μm, which may lead to an 
underestimation of the number concentration from the APS, which affected the calculated biases for the OPC-N3. The range of sensor 
bias also increased with target diameter, i.e., the bias ranged between −60 and −32% for 2 μm, and this range increased to −75 to 7% 
for 10 μm. This was also evident from the increase in CV values. The CV was 19.4% for 2 μm, and this increased to 34.2% for 10 μm 
(Table 3). The CV values for number concentration were mostly less than 30%, within EPA guidelines. 

The OPC number concentrations were calculated using the counts/sec and the flow rate (mL/sec) provided by the software. As the 
target diameter increased, the variation in the particle counts also increased (Fig. S3). To elucidate the effect of the reported flow rate 
on inter-sensor variation in particle counts, the counts were divided by the manufacturer’s reported flow rate, i.e., 4.67 mL/s to obtain 
number concentrations, which was used to obtain bias compared to the APS measurements (Fig. S4). From Table 3, the CV was less 
than 30% (5.8–21.7%) for all target diameters when using the constant flow rate although the CV was highest for the 9 μm and 10 μm 
target diameters. The concentration of the large particles may be more spatially heterogeneous and a slight difference in the sampling 
position could affect the counts and the corresponding number of concentrations. Mukherjee et al. (2017) noted the orientation and 
position of the sensor inlet is important when sampling large particles like dust. 

Table 3 shows that the CV (19.5–47.1%) was higher when using the sensor-reported flow rate compared to the constant flow rate. 
For the nine sensors, the flow rates differed from the manufacture-specified sample flow rate of 4.67 mL/s (1–16 mL/s; x-axis on Fig. 6, 

Fig. 4. (Left) Mean particle diameters measured by the OPC-N3s and their bias (compared to the APS). (Right) Total number concentrations and 
bias compared to the APS measurements. Error bars represent standard deviation (n = 60 for OPCs, n = 10 for APS). 
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Fig. S5) and differed with the target diameter. For example, for target diameters of 9 μm and 10 μm, OPC1 flow rates were high, 15–16 
mL/s, which resulted in large sensor-to-sensor variation (number bias: −75 to 7%) (Figs. 4 and 6). This indicates that the variability in 
the reported flow rate by the sensor affects the inter-sensor variability for particle concentrations. Because the number concentrations 
were determined by dividing the counts by the sensor-reported flow rates, a good correlation exists between the flow rate and the 
number bias (generally R2 > 0.78, Fig. 6). The reason behind the variable flow between sensors is unknown. According to the 
manufacturer, the flow rate is determined by the time-of-flight method, but it is unclear how this time-of-flight measurement is 
performed within the OPC-N3. Other than the sensor placement and flow rate, factors affecting the OPC-N3’s measurement of number 
concentration include particle aspiration efficiency, particle losses within the sensor, and optical system performance (i.e., dust on the 
elliptical mirror or photodetector). 

Four of the OPC-N3s were tested for reproducibility to monodisperse target diameters of 2, 5, and 10 μm. Fig. 7 shows that the bias 
in the mean diameter had repeatable trends and magnitudes. The CV for the two runs for the mean measured diameter remained less 
than 10% (Table 4). A variation in the concentration bias was observed between the two runs. The CV (number concentration) for 
OPC6 remains less than 10%, but the other OPC-N3s showed somewhat higher CV values (8.49–38.5%). Again, the number con
centration may be affected by the sensor placement and the variable flow rates of the sensors, and the placement of the inlet. More 
consistent behavior between the two runs was observed if using the constant flow rate of 4.67 mL/s for estimating the number con
centration for the OPC (Fig. S12). 

Table 3 
CV in mean diameter and total number concentration measured by the nine OPC-N3s.  

Target particle diameter 
(μm) 

CV mean diameter 
(%) 

CV concentration using sensor-reported flow 
rate (%) 

CV concentration (%) assuming a constant flow rate of 
4.67 mL/s 

2 3.86 19.5 11.4 
3 4.75 26.4 5.80 
5 5.39 23.8 7.80 
6 5.77 47.1 16.4 
9 4.43 38.6 21.7 
10 7.47 34.2 19.5  

Fig. 5. Effect of laser wavelength on the mean size. Dashed lines represent the general trend in the mean size with laser wavelength. Error bars 
represent standard deviation (n = 60). 

K. Kaur and K.E. Kelly                                                                                                                                                                                               



Journal of Aerosol Science 171 (2023) 106181

10

Fig. 6. Effect of the OPC-N3 flow rate on the concentration bias. Error bars represent standard deviation (n = 60).  

Fig. 7. Reproducibility of four of the OPC-N3s for three monodisperse target diameters (2, 5, and 10 μm). Error bars represent standard deviation (n 
= 60). 

Table 4 
CV in mean diameter and total number counts for two different runs for four of the OPC-N3s.  

Target particle diameter (μm) CV mean diameter (%) CV concentration (%) 

OPC6 OPC7 OPC8 OPC9 OPC6 OPC7 OPC8 OPC9 

2 2.73 3.34 3.68 3.75 8.40 13.3 13.5 10.6 
5 1.72 1.97 1.45 1.37 5.36 8.49 38.5 19.2 
10 4.75 3.99 3.40 5.24 6.44 9.40 10.3 13.5  
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4.3. Performance evaluation of the PMS sensors 

Both the PMS 5003 and PMS 6003 did respond to all target diameters, although they underestimated particle concentration for 
most cases and appeared incapable of correctly binning particle sizes (Fig. 8). This finding is consistent with the previous study by 
Kuula et al. (2020) and Tryner et al. (2020). Both the Flex and PA reported similar total number concentrations (sum concentration of 
all the bins) to the APS for the target diameter of 10 μm (Fig. S7), but the reported PM10 concentration was three orders of magnitude 
lower than the APS reported PM10 concentration (Fig. S10). The incorrect binning of the particle strongly affects the reported PM 
concentrations by these sensors and therefore the reported PM10 concentration for large particles, like dust, is unreliable. Studies using 
the PMS sensor for measuring dust and coarser particles have reported little to no response by the PMS sensor (Demanega et al., 2021; 
Kosmopoulos et al., 2020; Sayahi et al., 2019). 

The big particles are susceptible to pneumatic handling, and since more fitting and connections were used for the evaluation of the 
PMS sensor, variability in the APS measurements was higher as compared to that observed for the APS measurements taken during 
OPC evaluation. 

5. Limitations 

This study does have some limitations. It utilized liquid particles, which deform when accelerated inside the APS. A solid salt 
particle would be an alternative, but the salt-solution particles can only be generated up to a maximum diameter of approximately 8.5 
μm (TSI, 2022). Polydisperse particles like dust and salts have been utilized to calibrate the low-cost sensor for PM mass concentrations 
(Samad et al., 2021; Sousan et al., 2016, 2021). This study sought to systematically understand the OPC-N3, PMS5003, and PMS6003 
sensor response to monodisperse particle diameters up to 10 μm in diameter; consequently, we selected liquid particles, despite their 
limitations. 

The age of the sensors was not considered and could be a significant factor influencing inter-sensor variability. The OPC aging, i.e., 
previous usage in the field studies, can result in dust depositing on the elliptical mirror, laser, fan, or photodiode, and possible 
corrosion of the elliptical mirror. Bezantakos et al. (2018) identified dust deposition in the OPC-N2 affected the mean diameter 
measurements. The accuracy of the OPC-N3 reported laser wavelength and the flow rate relied on the manufacturer-reported value and 
was not verified because the measurement of these factors requires opening the OPC-N3, which would void the manufacturer 
warranty. 

The solvent and solute used in the FMAG have trace impurities that resulted in a background noise peak at the lowest bin (<0.547 
μm) visible for the 2 μm and 3 μm target particles. This study included the peaks in the total number concentration. Previous studies 
working with the PSL particles ignored the background noise peak at the lowest bin size for the GRIMM 1.109 (Bezantakos et al., 2018). 
This study did not ignore these peaks because the smallest bin of APS, i.e., 0.54 μm (in terms of geometric diameter) is larger than the 
OPC’s smallest bin (i.e., 0.35 μm). Including the background, noise peak would affect the calculation of bias in this study, but it would 
not affect the trends in bias associated with number concentration. 

Unlike the APS, the PMS sensor uses a small fan to pull the required flow, and its inlet has several circular holes. As no closed 
connection was possible for the PMS sensor, the sensors were placed inside an enclosure, this resulted in different modes of connection 
between the APS and PMS sensor. In addition, the connection from the Y-fitting to APS was conductive tubing that included a 180◦

bend in form of an arc (Fig. S1). This could cause losses for larger diameter particles, and therefore an underestimation of the APS’s 
number concentration. The difference in mode and tubing-associated losses could result in additional bias in the number concentration 
of the PMS sensor relative to the APS but would not affect the size of the particles. In general, larger particles (>5 μm) are susceptible to 
differences in pneumatic handling and are more heterogeneous than smaller particles. Consequently, the higher variability in sensor 
measurements for the larger particles could due to the sensor’s connection or placement. 

6. Conclusion 

This study evaluated the performance of the Alphasense OPC-N3, PMS 5003 (PA), and PMS6003 (Flex) sensors in response to 
monodisperse DOS particles ranging in diameter from 2 to 10 μm. For all target diameters tested, the OPC-N3s detected the particles 
and showed a peak near the target diameter. The PMS5003 and PMS6003 did appear to detect the particles but assigned all particle 
sizes to the smallest size bin i.e., 0.35 μm–1 μm. With the APS as a reference, the OPCs showed a positive bias for mean particle 
diameter and a CV of less than 10%, suggesting acceptable inter-sensor variability for measurements of mean particle diameter. The 
laser wavelength of the OPC-N3s varied between 600 and 650 nm and appeared to have some effect on inter-sensor variability in the 
mean diameter. For the number concentration, the OPCs showed a negative bias, compared to the APS, and inter-sensor variability 
increased with the particle target diameter, i.e., CV of 19.5% for 2 μm and 34.2% for the 10 μm target diameter. The flow rate reported 
by the sensor appeared to affect the inter-sensor variability of the number concentration. The inter-sensor variability (CV of 
19.5–47.1%) was higher when using the sensor-reported flow rate, instead of manufacturer-reported constant flow rate of 4.67 mL/s 
(CV of 5.8–21.7%). Our results suggest that the OPCs are susceptible to inter-sensor variability, which should be considered as part of 
field deployment, and that the PMS6003 and PM5003 are incapable of correctly sizing particles larger than 2 μm. 
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Fig. 8. PSD of Purple Air II Flex (Flex, with PMS6003) and Purple Air II (PA, with PMS5003) vs. the APS. The experiments for PA 2 for a target 
diameter of 5 μm were performed on a different day than the other sensors. The sensor PA 2B only returned null values. APS_Flex1, APS_Flex2, 
APS_PA1, and APS_PA2 represent APS measurements taken when conducting evaluation of Flex1, Flex2, PA1, and PA2, respectively. Error bars 
represent standard deviation (n = 10). APS PSD can be found in the supplementary material, Fig. S11. (For interpretation of the references to colour 
in this figure legend, the reader is referred to the Web version of this article.) 
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Bílek, J., Bílek, O., Maršolek, P., & Buček, P. (2021). Ambient air quality measurement with low-cost optical and electrochemical sensors: An evaluation of continuous 
year-long operation. Environments - MDPI, 8(11). https://doi.org/10.3390/environments8110114 

Bi, J., Wildani, A., Chang, H. H., & Liu, Y. (2020). Incorporating low-cost sensor measurements into high-resolution PM 2.5 modeling at a large spatial scale. 
Environmental Science and Technology, 54(4), 2152–2162. https://doi.org/10.1021/acs.est.9b06046 

Bulot, F. M. J., Russell, H. S., Rezaei, M., Johnson, M. S., Ossont, S. J. J., Morris, A. K. R., Basford, P. J., Easton, N. H. C., Foster, G. L., Loxham, M., & Cox, S. J. (2020). 
Laboratory comparison of low-cost particulate matter sensors to measure transient events of pollution. Sensors, 20(8), 2219. https://doi.org/10.3390/s20082219 

Cai, M., Zhang, S., Lin, X., Qian, Z., McMillin, S. E., Yang, Y., Zhang, Z., Pan, J., & Lin, H. (2022). Association of ambient particulate matter pollution of different sizes 
with in-hospital case fatality among stroke patients in China. Neurology, 98(24), e2474–e2486. https://doi.org/10.1212/WNL.0000000000200546 

Caplin, A., Ghandehari, M., Lim, C., Glimcher, P., & Thurston, G. (2019). Advancing environmental exposure assessment science to benefit society. Nature 
Communications, 10(1), 1236. https://doi.org/10.1038/s41467-019-09155-4 

Caubel, J. J., Cados, T. E., Preble, C.v., & Kirchstetter, T. W. (2019). A distributed network of 100 black carbon sensors for 100 Days of air quality monitoring in west 
Oakland, California. Environmental Science and Technology, 53(13), 7564–7573. https://doi.org/10.1021/acs.est.9b00282 

Chatzidiakou, L., Krause, A., Han, Y., Chen, W., Yan, L., Popoola, O. A. M., Kellaway, M., Wu, Y., Liu, J., Hu, M., Barratt, B., Cai, Y., Chan, Q., Chatzidiakou, L., 
Chen, S., Chen, W., Chen, X., Elliott, P., Ezzati, M., … Jones, R. L. (2020). Using low-cost sensor technologies and advanced computational methods to improve 
dose estimations in health panel studies: Results of the AIRLESS project. Journal of Exposure Science and Environmental Epidemiology, 30(6), 981–989. https://doi. 
org/10.1038/s41370-020-0259-6, 2020 30:6. 

Chen, B. T., Cheng, Y. S., & Yeh, H. C. (1990). A study of density effect and droplet deformation in the TSI aerodynamic particle sizer. Aerosol Science and Technology, 
12(2), 278–285. https://doi.org/10.1080/02786829008959346 

Chojer, H., Branco, P. T. B. S., Martins, F. G., Alvim-Ferraz, M. C. M., & Sousa, S. I. V. (2022). Can data reliability of low-cost sensor devices for indoor air particulate 
matter monitoring be improved? – An approach using machine learning. Atmospheric Environment, 286, Article 119251. https://doi.org/10.1016/J. 
ATMOSENV.2022.119251 

Clements, A., Srivastava, M., Conner, T., Rice, J., Habel, A., Reece, S., & Williams, D. R. (2018). Field performance evaluation of four low-cost particulate matter 
sensors. In Air sensor international conference. https://cfpub.epa.gov/si/si_public_record_report.cfm?Lab=NERL&dirEntryId=342318. 

Consonni, D., Carugno, M., de Matteis, S., Nordio, F., Randi, G., Bazzano, M., Caporaso, N. E., Tucker, M. A., Bertazzi, P. A., Pesatori, A. C., Lubin, J. H., & Landi, M. T. 
(2018). Outdoor particulate matter (PM10) exposure and lung cancer risk in the EAGLE study. PLoS One, 13(9), Article e0203539. https://doi.org/10.1371/ 
JOURNAL.PONE.0203539 

Crawford, B., Hagan, D. H., Grossman, I., Cole, E., Holland, L., Heald, C. L., & Kroll, J. H. (2021). Mapping pollution exposure and chemistry during an extreme air 
quality event (the 2018 K-ılauea eruption) using a low-cost sensor network. Proceedings of the National Academy of Sciences of the United States of America, 118(27), 
Article e2025540118. https://doi.org/10.1073/PNAS.2025540118/SUPPL_FILE/PNAS.2025540118.SAPP.PDF 

Crilley, L. R., Shaw, M., Pound, R., Kramer, L. J., Price, R., Young, S., Lewis, A. C., & Pope, F. D. (2018). Evaluation of a low-cost optical particle counter (Alphasense 
OPC-N2) for ambient air monitoring. Atmospheric Measurement Techniques, 11(2), 709–720. https://doi.org/10.5194/amt-11-709-2018 
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