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TECHNICAL PAPER

Performance evaluation of commercially available non-regulatory instruments 
and sensors in smoke for PM, CO, CO2, NO2, and SO2

Matthew S. Landis a, Russell W. Long a, Jonathan D. Krug a, Maribel Colóna, Jenny Perthb, 
and Shawn P. Urbanski c

aOffice of Research and Development, U.S. Environmental Protection Agency, Research Triangle Park, NC, USA; bNational Technology and 
Development Program, U.S. Forest Service, Missoula, MT, USA; cRocky Mountain Research Station, U.S. Forest Service, Missoula, MT, USA

ABSTRACT
Wildland fire smoke can severely degrade downwind air quality and impact responding firefighters 
and the public. Accurate and timely monitoring of particulate matter (PM) and gaseous pollutants 
around wildland fires are needed to support management activities like protecting responders and 
the public from the health and safety hazards of wildland fire smoke. This study systematically 
evaluates the performance of commercially available, non-regulatory PM and gas instruments/ 
sensors under controlled wildland fire smoke conditions. We assessed accuracy, precision, and 
linearity by comparing instrument/sensor outputs to reference-grade samplers/instruments across 
a wide range of smoke concentrations. Results indicate that most non-regulatory PM instruments/ 
sensors, particularly those utilizing optical particle sensing technology, often exhibit a high positive 
raw PM2.5 measurement bias. However, applying smoke-specific calibration models substantially 
improved accuracy, with several models achieving post-calibration accuracy greater than 85%. 
Carbon monoxide (CO) and carbon dioxide (CO2) gas instruments/sensors generally performed 
well after calibration, while the performance of electrochemical nitrogen dioxide (NO2) and sulfur 
dioxide (SO2) sensors was relatively poor. Non-regulatory PM2.5 instrument/sensor response was 
primarily influenced by aerosol optical properties, particle size distribution, and effective density. We 
found that smoke-specific calibration and data quality assurance are key for reliable non-regulatory 
measurements during wildland fire events, especially for incident responder force protection and 
nearby communities. Integrating calibrated non-regulatory measurement data with regulatory net
works can improve smoke exposure assessment and public health messaging. While non-regulatory 
instruments/sensors cannot fully replace reference instruments, their proper selection and calibration 
can provide valuable, actionable data for air quality management during wildfires.

Implications: The results presented in this paper provide federal, state, local, and tribal air 
monitoring and public health agencies with performance information on numerous commer
cially available non-regulatory instruments/sensors to address air quality monitoring data 
collection and interpretation challenges presented by wildland fire smoke. The presented 
accuracy, precision, and linearity performance metrics provide knowledge for the selection of 
new air quality monitors and insight on the deployment/use of existing monitors during 
wildland fire events to improve management oversight for professional practitioners/respon
ders, and for communication of health messaging to the public.
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Introduction

In the western United States and Canada, wildfire burned 
area, fire severity, and smoke emissions have increased 
over the past 20 years (Westerling 2016; Holden et al.  
2018; Parks and Abatzoglou 2020). Studies suggest the 
current fire activity levels will persist and may even 
increase in the coming decades due to a warming and 
drying climate (Kitzberger et al. 2007; Littell et al. 2009; 
Abatzoglou and Williams 2016; Westerling 2016). The 
smoke produced by these wildfires has resulted in severe 
air pollution across large areas—from regions proximate 

to fires to urban centers thousands of kilometers down
wind (Mallia et al. 2015; Landis et al. 2018; Alonso- 
Blanco et al. 2018; Wu et al. 2018).

Smoke from wildland fires (wildfires and managed 
prescribed fires) contains particulate matter (PM) and 
hundreds of gaseous compounds, including many 
recognized as hazardous air pollutants (Urbanski et al.  
2022). Fine particulate matter (PM2.5; particles with 
a mass median aerodynamic diameter of less than 
2.5 μm) and carbon monoxide (CO) are two primary 
pollutants of concern in wildfire smoke. Long-term 
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chronic exposure to PM2.5 is associated with a wide 
range of negative health effects and is the basis for its 
regulation under the U.S. Clean Air Act (EPA 2019; 
Andersen et al. 2021; McCaffrey et al. 2022). 
Furthermore, evidence shows that short-term acute 
wildfire smoke exposure is associated with negative 
health impacts (Adetona et al. 2016; Reid et al. 2016; 
Jiao et al. 2024), and exposures to CO can impair oxygen 
transport, causing hypoxia and damage to organs and 
tissues (Omaye 2002). Wildland fire smoke can also 
directly threaten public safety by reducing visibility on 
roadways, contributing to injuries and fatalities from 
traffic accidents (Ashley et al. 2015; Bartolome et al.  
2019), including massive multi-vehicle pileups in the 
United States (Associated Press 2022; Reuters 2023).

Real-time measurements of surface-level PM2.5, CO, 
and other criteria pollutants are needed to protect the 
public from the health and safety hazards of wildland 
fire smoke. Critical activities include air quality and 
smoke forecasting, issuing public guidance for limiting 
smoke exposure, managing prescribed fires to mitigate 
smoke impacts, monitoring the exposure of wildland 
firefighters to PM2.5 and CO, estimating population- 
level exposure to smoke in retrospective health studies, 
and developing and validating smoke modeling systems.

Health officials and air management agencies must 
provide timely guidance to the public on limiting smoke 
exposure. Guidance is based on observations and fore
casts of PM2.5 using the AirNow Fire and Smoke Map 
(https://fire.airnow.gov/), BlueSky smoke model (https:// 
tools.airfire.org/websky/v2/#status), or various National 
Oceanic and Atmospheric Administration (NOAA) pro
ducts, such as Air Quality Forecast Guidance Viewer 
(https://airquality.weather.gov/), Hazard Mapping 
System Fire and Smoke Product (https://www.ospo. 
noaa.gov/Products/land/hms.html#maps), and the 
HRRR-NCEP-smoke forecast (https://rapidrefresh.noaa. 
gov/hrrr/HRRRsmoke/). Wildfire smoke can be an 
extended and widespread threat to public health due to 
the relatively large acreages consumed, duration, and 
quantity of smoke emitted (Brey et al. 2018; Wilmot 
et al. 2022). However, prescribed fires, while generally 
small and short in duration, can have substantial impacts 
on nearby communities. Therefore, smoke monitoring is 
important for communicating with the public, and for 
managing prescribed burns to mitigate short-term acute 
and aggregate smoke exposures and impacts.

Wildland firefighters are subject to unique risks from 
wildland fire smoke. They can be exposed over long 
durations (often 16-hour shifts) to high levels of 
PM2.5, CO, and other air pollutants while suppressing 
wildfires or conducting prescribed burns (Navarro  
2020). Limited research reports firefighters’ work-shift 

exposures at mean PM2.5 concentrations as high as 1.2  
mg m−3 and peak concentrations exceeding 10 mg m−3 

(Navarro 2020). More data are available for firefighter 
CO exposures as a function of task, with one study 
reporting sawer/swamper (chain saw operator/brush 
clearing) having the highest geometric mean work 
shift exposures 6.8 ppm and maximum shift time 
weighted average (TWA) concentration of 64.5 ppm 
(Henn et al. 2019), and ~5% of firefighters exceeding 
the National Wildfire Coordinating Group 13-hr shift 
average concentration of 16 ppm (Semmens et al. 2021). 
Higher-resolution (1-min) data firefighter CO expo
sures have been reported to be as high as 339 ppm, 
with 17% of monitored participants exceeding the 
Occupational Safety and Health Administration 
(OSHA) ceiling limit of 200 ppm (Materna et al.  
1992), and another study reporting 4% of monitored 
work shifts exceeding the American Conference of 
Governmental Industrial Hygienists (ACGIH) “not to 
be exceeded at any time” threshold limit level of 400 
ppm for any 15-min period (Henn et al. 2019).

The potential health and safety hazard due to wild
land fire smoke can vary spatially and temporally. 
Emission rate, plume behavior, terrain, and atmospheric 
conditions determine smoke transport and dispersion in 
the atmosphere and influence downwind surface air 
pollutant concentrations. Wildfire smoke can be wide
spread, impacting entire states, provinces, and regions 
thousands of kilometers downwind. Wildland fire 
smoke impacts can also be localized, heterogenous, 
and rapidly change. Regulatory air monitoring sites in 
the U.S. are limited in number, concentrated in urban 
areas, and often do not adequately characterize wildland 
fire smoke impacts. In the 11 western U.S. states, there 
are only 249 regulatory monitoring sites providing 
hourly observations of PM2.5 and only 92 sites reporting 
CO. Most counties (~70%) in the United States and 
their rural smoke-susceptible communities have no reg
ulatory monitors (U.S. GAO 2020).

Federal, state, local, and tribal agencies have initiated 
various efforts that provide non-regulatory monitoring 
of smoke impacts during the wildfire season and pre
scribed burn operations (Landis et al. 2021b). These 
efforts initially focused on professional-grade equip
ment, such as Met One Instruments (Grants Pass, OR, 
U.S.A.), Model E-BAM (14C beta attenuation), and 
E-Sampler (optical) for PM2.5, which require technical 
expertise to set up, calibrate, and run, with costs ranging 
from ~$15,000–$25,000 USD per instrument. Lower- 
cost PM sensors (<$500 USD) that require less technical 
expertise to set up and operate are widely available now, 
and are being used by the public, government agencies, 
and researchers. The PM sensors produced by PurpleAir 
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(Draper, Utah, U.S.A.) are a widely used and evaluated 
lower-cost PM monitor in the U.S. (Barkjohn K, Holder 
A, et al. 2021; Barkjohn KK, Gantt B, et al. 2021; 
Barkjohn et al. 2022; Malm et al. 2024). The interactive 
PurpleAir Map (https://www2.purpleair.com/) displays 
measurements from thousands of publicly visible 
PurpleAir sensors deployed across the U.S. and 
Canada. PurpleAir sensors use Plantower (Nanchang, 
Jiangxi, China) laser optical particle sensors (OPS) to 
derive PM mass concentrations. Other original equip
ment manufacturer (OEM) OPS manufactured by 
MetOne (Grants Pass, OR, U.S.A.), Plantower, 
Alphasense (Essex, UK), Senserion AG (Stäfa, 
Switzerland), ThermoFisher (Waltham, MA, U.S.A.), 
TSI (Shoreview, MN, U.S.A.), and Vaisala (Vantaa, 
Finland) are used in a variety of commercially available 
PM instruments/sensors (Zheng et al. 2018; Landis et al.  
2021a; Barkjohn et al. 2024).

PurpleAir and other lower-cost sensors employ light- 
scattering optical methods for continuous (1-to-2-min) 
data acquisition rates. These optical methods convert 
measured light scattering into PM2.5 mass concentra
tions using proprietary algorithms (Mehadi et al. 2020; 
He et al. 2020). The OPS light-scattering response 
depends on particle composition and size distribution 
(Hagan and Kroll 2020; He et al. 2020; Rueda et al.  
2023). Lower-cost monitors require correction because 
they generally overestimate ambient PM2.5 concentra
tions compared with federal reference method (FRM) 
and federal equivalent method (FEM) instruments 
(Barkjohn K, Holder A, et al. 2021; Barkjohn KK, 
Gantt B, et al. 2021; Liang 2021; Wallace et al. 2021,  
2022; Barkjohn et al. 2022, 2024).

Evaluations show that PurpleAir sensors respond 
differently in smoke compared with ambient air 
(Holder et al. 2020; Wallace et al. 2021; Barkjohn et al.  
2022). This finding is not surprising, given the differ
ences in the composition and size distribution of parti
cles produced by wildland fires compared with other 
major sources, such as fossil-fuel combustion, second
ary aerosol formation, and fugitive dust from unpaved 
roads, agriculture, and construction activities. These 
studies have found that PurpleAir sensors respond lin
early but require a polynomial calibration for PM2.5 
concentrations > ~300 μg m−3 (Holder et al. 2020; 
Barkjohn et al. 2022). Lower-cost PM sensors are 
being used by government agencies and researchers to 
monitor and study the impacts of wildland fire smoke 
on ambient air quality. The AirNow Fire and Smoke 
Map, which was developed by the U.S. EPA and the U.S. 
Forest Service, provides the public with information on 
fire locations, smoke plumes, and near-real-time 
NowCast Air Quality Index (AQI) based on surface 

measurements (fire.airnow.gov). The Fire and Smoke 
map includes PM2.5 data from nearly 15,000 PurpleAir 
monitors across the U.S. and Canada, currently cor
rected based on calibration equations detailed in 
K. Barkjohn, A. Holder, et al. (2021).

Several studies have combined publicly available non- 
regulatory (e.g., PurpleAir, E-Sampler, E-BAM) monitor
ing data with data from regulatory air monitoring net
works (U.S. EPA Air Quality System; AQS) and/or 
satellite aerosol optical depth (AOD) observations to 
assess wildfire smoke (Gupta et al. 2018; Liang 2021; Vu 
et al. 2022; Yang et al. 2023; Carreras-Sospedra et al. 2024) 
and prescribed fire smoke (Sablan et al. 2024) impacts on 
air quality. The fusion of archived PM2.5 observations 
from regulatory and non-regulatory instruments/sensors 
with satellite measured AOD has proven valuable for 
generating continuous surface interpolated PM2.5 con
centrations that can be used to evaluate smoke forecasting 
models (Chow et al. 2022). While lower-cost PM sensor 
data are now widely applied for the diagnosing and short- 
term forecasting of smoke impacts on air quality, estimat
ing smoke exposure in health studies, and evaluating the 
performance of smoke forecasting systems, questions 
remain about the performance of this class of instruments 
in heavily smoke impacted environments.

Wildland firefighters on the fire line, in fire camps, 
and in communities or roadways near fires may experi
ence PM2.5 concentrations > 1000 μg m−3. However, the 
performance of non-regulatory instrument/lower-cost 
sensors at these concentrations are uncertain, as pre
vious evaluation efforts have focused primarily on 
environments with PM2.5 < 1000 μg m−3. Additionally, 
many companies market lower-cost PM and gas moni
tors that utilize several different OEM OPS, non- 
dispersive infrared (NDIR), and electrochemical 
sensors; however, most evaluation efforts have focused 
on the PurpleAir monitors, which use Plantower Model 
PMS5003 OPS. There is evidence that different low-cost 
PM monitors using the same Plantower OPS perform 
differently in smoke-impacted environments based on 
unique physical implantation and raw signal processing/ 
calibration (Landis et al. 2021a). It is unknown whether 
the calibrations developed for PurpleAir sensors are 
applicable to other sensors. Finally, changes in the per
formance of OPS due to exposures to wildland fire 
smoke have not been studied. Thus, it is unknown 
how rapidly high concentrations of organic aerosol- 
rich PM in smoke may alter the response of these lower- 
cost monitors. These questions must be addressed so the 
public, health officials, air managers, air smoke fore
casters, and researchers can confidently use data from 
low-cost PM monitors across the range of conditions 
experienced in smoke impacted environments.
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This study expands on previous work by characteriz
ing the ability of non-regulatory continuously reporting 
instruments/lower-cost sensors to meet PM and gaseous 
measurement needs at concentration ranges representa
tive of heavily impacted wildland fire smoke environ
ments. The primary study goals were to (1) test the 
performance (accuracy, precision, linearity) of non- 
regulatory instruments/sensors under controlled 
conditions at varying concentrations of biomass smoke 
concentrations typically observed near wildland fires; 
(2) create instrument/sensor-specific smoke calibrations 
and compare to previously published calibrations (if 
any) determined from ambient data sources; and (3) 
investigate primary factors leading to inaccuracies of 
raw PM2.5 performance metrics (e.g., PM concentration, 
particle size distribution, black carbon concentration, 
effective aerosol density, previous use in smoke).

Methods

FSL chamber testing

The U.S. Forest Service (USFS) Rocky Mountain 
Research Station Fire Sciences Laboratory (FSL) main 
combustion chamber is 12.4 m × 12.4 m × 19.6 m, with 
a total volume of 3000 m3, and was described previously 
(Christian et al. 2004). Our “static chamber” burns 
simulate instrument/sensor exposure under field sam
pling conditions as described previously (Krug et al.  
2021; Landis et al. 2021a; Whitehill et al. 2022; Long 
et al. 2023). Briefly, the instruments/sensors were placed 
in the combustion chamber; prior to each burn, the 
chamber was flushed with outdoor air, fuel beds were 
prepared and placed in the center of chamber and 
ignited, the chamber was sealed, and 10–15 mins were 
allotted for the consumption of the fuel bed and homo
genization of the resulting smoke in the chamber prior 
to the start of the 1-hr test period (Appendix Figure 
A.1a-d). After the test period, the chamber was venti
lated with outdoor air in preparation for the next test 
burn. The use of outdoor air limited the range of tem
perature and relative humidity (RH) during testing. 
Chamber temperatures ranged from 19–24°C in 2019, 
and 18–21°C in 2021, and relative humidity ranged 
from 21–53% in 2019 and 14–33% in 2021 (Appendix 
Tables B.1 & B.2).

A time series plot of 1-min PM2.5 and CO concentra
tions throughout a typical burn day (April 19, 2021) is 
presented in Appendix Figure A.2, showing concentra
tions through the progression of burns 20–23 and high
lighting fuel bed ignitions (red), start and stop times of 
official 1-hr test periods (vertical drop lines), and cham
ber ventilation (blue). The figure also demonstrates the 

dilution of measured concentrations over the course of 
each test due to outdoor air infiltration and sampler 
removal, which facilitates the evaluation of continuous 
measurements for response lag that can affect overall 
performance metrics. The fuels utilized for the studies 
were ponderosa pine (Pinus ponderosa) needles (PPN) 
and fine dead wood (PPW), and Douglas-fir 
(Pseudotsuga menziesii) boughs and cones, alone or 
mixed. Combustion efficiency under different combus
tion conditions (e.g., smoldering, flaming) of burns was 
managed by fuel moisture content, as summarized in 
Appendix Tables B.1 and B.2.

Reference measurements

Burn integrated (1-hr) FRM PM2.5 mass measurements 
were performed in triplicate inside the burn chamber, 
according to 40 CFR Part 50 Appendix L (U.S. EPA) 
using Tisch Environmental (Cleves, OH, U.S.A.) 
Model TE-WILBUR2.5 filter-based samplers (Hall 
et al. 2012; EPA 2014a - RFPS-1014–219; Krug et al.  
2021). During the 2021 study, a Model TE-WILBUR10 
FRM sampler configured to sample PM10 was included 
(EPA 2014b - RFPS-0714–216). Each Tisch FRM sam
pler used a standard EPA PM10 louvered inlet, and 
PM2.5 fractionation was performed by a BGI by Mesa 
Labs (Butler, NJ, U.S.A.) Model VSCCA very sharp cut 
cyclone (VSCC). Calibrations of sampler temperature, 
pressure, and flow rates were performed weekly using 
a certified BGI by Mesa Labs tetraCal® Air Flow 
Calibrator primary standard, as outlined in each 
respective sampler user manual. Measurement 
Technology Laboratories (MTL; Minneapolis, MN, 
U.S.A.) Model PT47P polytetrafluoroethylene (PTFE) 
2 µm pore size pressure-drop equivalent membrane 
filters, with a hydro-inert support ring were used. 
Following ventilation of the chamber, sample filters 
were immediately retrieved, put into petri dishes, and 
frozen for shipment to the EPA weighing lab.

Filters were weighed by EPA in accordance with EPA 
Guidance Document 2.12 (EPA, 2016) for monitoring 
PM2.5 in ambient air at the U.S. EPA National Reference 
Weighing Facility in Research Triangle Park, NC. Before 
and after sampling, filters were equilibrated for 
a minimum of 24 hr in a temperature- and humidity- 
controlled clean room prior to being weighed by an 
MTL Model AH1 automated robotic weighing system. 
The AH1 used a Mettler-Toledo (Columbus, OH, 
U.S.A.) Model XP2U micro balance with an accuracy 
of up to a tenth of a microgram. The response of the 
micro balance was checked every 10 filters by verifica
tion of Class 0 weight standards from Rice Lake 
Weighing Systems (Rice Lake, WI, U.S.A.). Filter 
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weights were performed in triplicate and were accepted 
as valid if the responses to the weight standards were 
± 5 µg. Final weights were calculated as the mean of the 
triplicate readings.

Continuous (1-min) “reference” PM2.5 concentrations 
were calculated for the purpose of visually evaluating 
instrument/sensor response time and stability during 
each burn. Continuous reference PM2.5 concentrations 
were calculated by multiplying raw TSI DustTrak mea
surements by an integrated burn-specific correction fac
tor defined as the quotient of FRM PM2.5/DustTrak 
PM2.5. The correction factor was calculated using data 
from each official 1-hr burn period but applied from fuel 
bed ignition through chamber ventilation separately for 
each burn. The DustTrak Model DRX8533 was factory 
serviced and calibrated prior to each study, the aerosol 
density was set to unity, and zero calibrations were con
ducted before each burn day. For the first nine 2021 burns 
when we did not have DustTrak data, “reference” PM2.5 
concentrations were calculated using FRM adjusted 2B 
Technologies (Broomfield, CO, U.S.A.) Photometer data. 
The DustTrak and Photometer both provided fast and 
linear response relative to the burn-integrated FRM con
centrations over a wide dynamic range (see Raw and 
smoke calibrated PM performance), making these 
smoke-calibrated instruments a logical choice for which 
to visualize the performance of other instruments in 
smoke.

Gaseous reference instruments utilized in this testing 
included (1) Picarro Inc. (Santa Clara, CA, U.S.A.) Model 
G2401-m cavity ring-down spectroscopy (CRDS) 
CO/CO2 gas analyzer, (2) ThermoScientific (Franklin, 
MA, U.S.A.) Model 43C pulsed fluorescence FEM sulfur 
dioxide (SO2) analyzer (EPA 1986 - EQSA-0486–060,), 
and (3) Teledyne API (San Diego, CA, U.S.A.) Model 
T500U cavity attenuated phase shift (CAPS) FEM direct 
spectroscopic NO2 instrument (EPA 2014c - 
EQNA-0514–212). Continuous-sampling gas reference 
instruments were placed in the observation room adja
cent to the combustion chamber and connected to per
fluoroalkoxy (PFA) Teflon® sampling manifolds that 
brought chamber air from the instrument/sensor testing 
zone (Appendix Figure A.1c). Except for the CRDS, all 
continuous gas analyzers were zeroed and span calibrated 
at the beginning and end of each chamber test day using 
Teledyne API Model T700U dynamic dilution calibration 
systems with certified ozone (O3) photometers. EPA pro
tocol certified gas standard cylinders diluted in ultra- 
scientific grade-zero air were used for CO, CO2, nitrogen 
dioxide (NO2), and SO2 instruments. Gas phase titration 
(GPT) calibrations were utilized to calibrate the CAPS 
NO2 instrument from the EPA nitric oxide (NO) protocol 
gas. Multi-point span calibrations were conducted at the 

beginning and end of each study week to ensure linearity. 
The CRDS response was stable over each set of burns (12  
days in 2019 and 13 days in 2021), as confirmed with 
three-point calibrations using gas mixtures of CO2 and 
CO in scientific-grade zero air prior to, midway through, 
and upon completion of each round of chamber burns 
(2019 and 2021). Gaseous reference instrument sampling 
and calibration procedures are detailed further in Long 
et al. (2021).

Aerosol size distributions were monitored during the 
2021 study using a TSI Incorporated (Shoreview, MN, 
U.S.A.) Model 3321 Aerodynamic Particle Sizer (APS) 
and a TSI Model 3340 laser aerosol spectrometer (LAS). 
The APS and LAS were placed on a table within the 
designated smoke sampling area (see Appendix Figure 
A.1a). The TSI instruments were factory cleaned and 
calibrated prior to the study.

Continuous optical black carbon (BC) measure
ments were made with Magee Scientific (Berkley, CA, 
U.S.A.) Model AE33 seven wavelength spectrum 
Aethalometer equipped with a Model 5610 sample 
stream dryer and a BGI (Waltham, MA, U.S.A.) 
Model SCC-1.829 sharp cut PM2.5 cyclone. The 
Magee AE33 measurement principle and real-time 
loading effect compensation algorithm based on two 
parallel spot measurements have been described pre
viously by Drinovec et al. (2015). All reported BC 
concentrations represent the self-adsorption compen
sated BC6 (880 nm) channel. Performance of the AE33 
light-emitting diode (LED) sources was verified prior 
to and after each study using the Magee Scientific 
Model 7662 neutral density optical filter validation 
kit. Results obtained from the AE33 are indicative of 
the optical properties of the smoke aerosols and, for the 
purposes of this paper, were averaged to the 1-hr filter- 
based FRM sample periods. Delta-C or ΔC (Allen et al.  
2004) is an objective measure of the wavelength (λ) 
dependence of aerosol optical absorption between the 
AE33 self-adsorption compensated ultraviolet (UV; 
370 nm) and infrared (IR; 880 nm) channels and was 
calculated using eq 1. 

Instruments/sensors tested

The 17 PM instruments and sensor systems listed in 
Table 1 were tested versus FRM reference samplers in 
the FSL combustion chamber in burn-integrated mean 
PM2.5 concentrations ranging from 11.2–3051.7 μg m−3. 
The selected instruments/sensors were either pulled from 
existing EPA/USFS inventories (Used), purchased based 
on their current use for smoke applications (New), or 
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loaned from manufacturers wanting to evaluate their 
performance under typical wildland fire conditions 
(Demo). As detailed in Table 1, the methodologies uti
lized by the tested instruments/sensors for PM detection 
were laser or light scattering, laser spectroscopy, or 
14C beta attenuation systems.

The 2B (Broomfield, CO, U.S.A.), AQMesh (Stratford, 
UK), Duke (Durham, NC, U.S.A.), Kunak (Navarra, 
Spain), and Vaisala (Vantaa, Finland) multi-pollutant 
sensor systems also included one or more electrochemi
cal (CO, CO2, NO2, SO2) and/or NDIR gas sensors (CO2) 
that were evaluated versus reference instruments along 
with Licor and Vaisala (NDIR) and Senserion single gas 
electrochemical sensors. Ranges of burn-integrated mean 
pollutant concentrations are summarized in Appendix 
Table B.3 for the 2019 burns and Appendix Table B.4 
for the 2021 burns.

Statistical analysis

Data processing and all statistical analyses were per
formed using SAS v.9.4 (SAS Institute, Cary, NC, 
U.S.A.). Accuracy of nonregulatory instruments/sensors 
for each study were calculated using eq 2, and precision 
was calculated using the coefficient of variation or rela
tive standard deviation using eq 3, where collocated 
instruments/sensors were tested. 

Where X is the reported instrument/sensor concentra
tion and R is the reference concentration. 

Where �x = mean of collocated sensor concentrations, 
P

xi � �xð Þ
2 = the sum of the square of differences 

between individual collocated sensor concentrations 
and the mean, and n = the number of collocated sensor 
observations. All instruments and sensor data were 
temporally synchronized prior to calculating accuracy 
and precision.

Parametric statistics used in this analysis include 
polynomial least squares regression, Pearson product- 
moment correlation, and multilinear regression (MLR) 
analysis. The assumptions of the parametric procedures 
were examined using residual plots, skewness and kur
tosis coefficients, the Shapiro-Wilk test, and the Brown- 
Forsythe test. Nonparametric statistics used in this ana
lysis include Spearman’s rank-order and Kendall’s Tau- 
b correlation. A level of significance of α = 0.05 was used 
for all statistical procedures unless otherwise stated. The 
SAS UNIVARIATE, CORR, and GLM procedures were 
used for testing data distributions for normality, equal 
variance, and hypothesis testing Mu0 = 0 (population 
mean is not significantly different from zero); develop
ing scatter plot matrices and calculating correlation 
coefficients; and conducting least square general poly
nomial model regressions and MLR analysis, 
respectively.

A separate MLR analysis model was run for each 
PM2.5 instrument/sensor tested in 2021 to elucidate 
environmental conditions and aerosol physical/opti
cal properties impacting its burn-integrated PM2.5 
concentration versus the FRM samplers. The MLR 
dependent variable for each model is the burn- 
integrated instrument/sensor PM2.5 analytical arti
fact (both positive and negative), termed ΔFRM and 
calculated using eq 4 as the difference between the 
mean FRM and each individual tested candidate 
instrument/sensor PM2.5 mass concentration. 

Table 1. PM2.5 and PM10 instrument/sensors tested.
System manufacturer Model PM detector OEM OEM model Detection method Status

2B PAM Plantower PMS5003 Laser scattering New & Used
2B Black Carbon Photometer 2B — Light extinction New
AmbiLabs 2WIN AmbiLabs Nephelometer Light scattering Demo
AQMesh AQM-PM6 AQMesh OPC Laser sizing/scattering Demo & New
Duke‡ — Plantower PMS3003 Laser scattering Used
FTS AQT400-GOES-PTBL Vaisala AQT420 Laser particle counter New
Kunak A10 Alphasense OPC-R2 Laser sizing/scattering Usedδ

Kunak Air Pro Alphasense OPC-N3 Laser sizing/scattering New
MetOne E-BAM MetOne Beta gauge 14C Beta attenuation Used
MetOne E-Sampler MetOne Near-forward Light Scattering Laser scattering Used
PurpleAir PA-II-SD Plantower PMS5003 Laser scattering New & Used
Senserion SPS30 Senserion SPS30 Laser scattering New
Thermo pDR-1500 ThermoFisher Laser Photometer Light scattering Used
Thingy AQ Senserion SPS30 Laser scattering New
TSI APS 3321 TSI Time-of Flight Dual Laser Laser spectrometer Used
TSI DustTrak DRX 8533 TSI Laser Photometer Laser scattering New & Used
Vaisala AQT420 Vaisala AQT420 Laser particle counter New

Notes. ‡Zheng et al. (2018); δKunak A10 systems were previously evaluated (Landis et al. 2021b), and the OPC was replaced in system 1 prior to 2021 testing.
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The MLR independent variables include temperature, 
relative humidity (RH), modified combustion efficiency 
(MCE; Urbanski 2013), BC, mass median aerodynamic 
diameter (MMAD), effective density, ΔC, and FRM 
PM2.5 mass concentration. All significant independent 
variable interactions determined using parametric and 
non-parametric correlation methods were included in 
each model. Only MLR results that met the model 
residual normality assumption (Shapiro-Wilk test), 
with a mean not significantly different from zero, and 
constant variance are reported. Since the goal of the 
MLR analysis was to identify factors leading to PM2.5 
measurement artifacts, no model optimization attempts 
were made to remove non-significant independent vari
ables and interactions.

Smoke-specific calibrations

Following the evaluation of raw instrument/sensor 
accuracy, precision, and linearity, study-specific inte
grated calibration models were developed and evalu
ated, including linear, linear piecewise, quadradic, and 
cubic (including those with intercepts and those forced 
through zero). Optimum calibration models were 
selected based on improved performance metrics and 
statistical significance of model parameters, and are 
provided in Appendix Table B.5 and Appendix Table 
B.6 for 2019 and 2021 studies, respectively.

Effective aerosol density estimates

Since many non-regulatory PM instruments and lower- 
cost sensors measure aerosol light scattering and esti
mate PM mass concentrations using proprietary algo
rithms that typically include parametrized aerosol 
density, we calculated an effective PM2.5 aerosol density 
(ρeff; g cm−3) for each FSL chamber burn in 2021 using 
a methodology adapted from DeCarlo et al. (2012) and 
presented in eq 5. 

Where mp is the aggregate FRM PM2.5 mass concentration 
and Vp is the aggregate partical volume PM2.5 concentra
tion, as exported from the LAS (aerodynamic diameter). 
The LAS particle diameters from the full PM2.5 range 
(0.090 to 2.5 µm aerodynamic diameter) were used 
(Appendix Table B.4). Because the LAS has a low co- 
incident particle counting threshold, the sample stream 
was diluted with a TSI Model 3302A Aerosol Diluter, 
possibly resulting in additional inlet losses and 

a subsequent overestimation of density. Regardless, these 
effective density estimations are comparable within the 
study period and are effective at showing relative shifts in 
effective density. Aerosols are assumed to be spherical, 
with no internal voids such that electrical mobility and 
aerodynamic diameters are equivalent. It should be noted 
that there are various definitions of effective density found 
in the literature that may result in numerically different 
results. Comparison of effective densities from studies 
using differing methodologies should be avoided.

Results and discussion

Raw and smoke calibrated PM performance

We tested over 23 days totaling 71 static chamber burns 
with 31 burns completed in 2019 and 40 burns com
pleted in 2021. The results demonstrate smoke testing 
over a range of 11.2–3051.7 μg m−3 (PM2.5) and 
14.0–1535.8 μg m−3 (PM10; 2021 only). The burn- 
integrated MCEs ranged from 0.85–0.97, representing 
both flaming and smoldering combustion conditions 
(Akagi et al. 2011; Urbanski et al. 2022). Smoke homo
geneity was verified using the precision of three filter- 
based PM2.5 FRM samplers located within the chamber 
and triangulating the testing zone for all 71 chamber 
burns; it was determined to be 2.6 ± 2.5% (mean ± stan
dard deviation), with a median of 1.7%.

The raw PM2.5 and PM10 testing accuracy and collo
cated precision results are summarized for all tested 
instruments/sensors in Tables 2 and 3 for 2019 and 
2021 studies, respectively. The 2021 PM10 performance 
metrics were included for completeness, but the cham
ber smoke PM2.5 aerosol size distributions had MMADs 
ranging from 0.182–0.756 μm (Appendix Table B.4), 
showing relatively minor contributions of coarse 
PM10–2.5 mass (1.7 ± 3.9%). We observed a wide range 
of mean PM2.5 accuracies from −260 to 87%, collocated 
precision was generally within ±15%. Study-specific 
smoke (SSS) calibration equations were developed, eval
uated, and applied to all the tested instruments and 
sensors to potentially improve their performance over 
wide concentration ranges. All the selected calibration 
equations are presented in Appendix Table B.5 and 
Appendix Table B.6 for the 2019 and 2021 studies, 
respectively. The updated SSS calibrated PM instru
ment/sensor performance results are summarized in 
Table 4 (2019) and Table 5 (2021) and demonstrate 
that most performance metrics significantly improved 
versus their raw metrics (Tables 2 and 3). As expected, 
sensors with well fit calibration regression equations 
produced substantial performance improvements.
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Table 2. 2019 burn-integrated raw PM2.5, CO, CO2, and NO2 testing accuracy (%) and collocated precision (%).
Accuracy (mean ± standard deviation) Collocated precision (mean ± standard deviation)

Vendor Model Unit n‡ PM2.5 CO CO2 NO2 PM2.5 CO CO2 NO2

2B PAM 2015 12 76.5 ± 15.4 93.9 ± 5.4 48.6 ± 17.8 – 6.3 ± 3.5 2.7 ± 1.2 46.7 ± 25.8 –2B PAM 2016 20 79.0 ± 11.8 94.3 ± 6.0 −133.7 ± 67.8 –
AmbiLabs Nephelometer 31 −254.2 ± 70.2 – – – – – – –
AQMesh #1 17 56.7 ± 13.6 – – 62.6 ± 21.8 – – – –
Duke #14 31 79.9 ± 13.6 – – – 3.3 ± 2.0 – – –Duke #23 30 76.6 ± 15.8 – – –
FTS AQT420 31 67.3 ± 25.6 81.6 ± 5.4 – 42.7 ± 52.3 – – – –
Kunak A10 1 23 73.2 ± 22.7 87.6 ± 3.3 – 73.9 ± 17.4 1.8 ± 1.3 14.4 ± 1.0 – 14.5 ± 7.8
Kunak A10 2 26 74.2 ± 21.8 92.4 ± 3.6 – 65.9 ± 17.0
Licor 850 31 – – 94.0 ± 1.3 – – – – –
Met-One E-BAM 1 26 78.1 ± 11.1 – – – 4.7 ± 6.6 – – –
Met-One E-BAM 2 26 82.0 ± 9.0 – – –
Met-One E-Sampler 1 24 77.8 ± 17.3 – – – 5.0 ± 1.9 – – –Met-One E-Sampler 2 26 72.5 ± 20.3 – – –
PurpleAir PA-II-SD #1 30 56.7 ± 25.3 – – – 1.6 ± 0.9 – – –
PurpleAir PA-II-SD #2 30 57.0 ± 24.6 – – –
Thermo PDR 1 26 73.4 ± 19.5 – – – 13.4 ± 1.9 – – –Thermo PDR 2 20 50.9 ± 27.4 – – –
TSI APS APS 29 43.6 ± 18.0 – – – – – – –
TSI DustTrak 1 31 −26.1 ± 27.9 – – –

2.7 ± 1.7 – – –TSI DustTrak 2 26 −31.2 ± 24.4 – – –

Note. ‡Number of burns with valid data.

Table 3. 2021 burn-integrated raw PM2.5 and PM10 testing accuracy (%) and collocated precision (%).
Accuracy (mean ± standard deviation) Collocated precision (mean ± standard deviation)

Vendor Model Unit n PM2.5 PM10 PM2.5 PM10

2B PAM 1022 40 75.1 ± 19.0 52.9 ± 27.0 – –
2B Photometer 40 83.9 ± 13.3 – – –
AQMesh 2,450,480 40 76.2 ± 17.6 77.6 ± 19.2 – –
Kunak A10 1 – – – – –
Kunak A10 2 40 74.6 ± 20.8 76.1 ± 22.2
Kunak Pro 1 40 49.0 ± 16.4 46.8 ± 14.8

9.7 ± 4.1 9.9 ± 4.3Kunak Pro 2 40 55.9 ± 18.8 53.8 ± 17.6
Met-One E-Sampler 171 37 58.9 ± 19.4 – 0.9 ± 0.5 –
Met-One E-Sampler 594 37 59.2 ± 19.1 – –
PurpleAir PA-II-SD 746D – New 40 35.2 ± 30.6 30.7 ± 29.8 3.2 ± 1.5 5.0 ± 2.6
PurpleAir PA-II-SD 8171 – New 40 49.1 ± 27.7 44.4 ± 27.4 9.5 ± 0.8 13.7 ± 2.3
PurpleAir PA-II-SD BE2E – New 40 50.9 ± 29.7 45.0 ± 28.1 5.2 ± 2.4 4.6 ± 2.6
PurpleAir PA-II-SD CBE8 – New 40 49.6 ± 28.0 46.5 ± 27.3 4.2 ± 2.5 5.6 ± 2.5
PurpleAir PA-II-SD 8BDE – Used 40 42.6 ± 29.9 34.9 ± 29.4 5.8 ± 4.2 5.9 ± 4.0
PurpleAir PA-II-SD 9349 – Used 40 43.0 ± 28.2 40.7 ± 28.1 3.3 ± 3.1 3.0 ± 2.3
PurpleAir PA-II-SD C0BA – Used 40 36.2 ± 30.5 32.0 ± 30.0 6.2 ± 6.2 5.0 ± 5.4
PurpleAir PA-II-SD EACF – Used 40 45.5 ± 30.6 41.6 ± 28.4 3.8 ± 3.5 6.5 ± 3.5
PurpleAir PA-II-SD 8BED – Used 40 57.4 ± 28.5 45.2 ± 27.7 – –
PurpleAir PA-II-SD 09DE – Used 40 41.2 ± 32.6 8.3 ± 32.6 11.0 ± 6.0 9.3 ± 7.0
PurpleAir PA-II-SD 39C4 – Used 40 47.0 ± 31.1 43.4 ± 29.1 – –
PurpleAir PA-II-SD CCC3 – Used 40 51.7 ± 25.9 44.7 ± 26.8 14.6 ± 1.9 13.5 ± 3.0
PurpleAir PA-II-SD 1CCA – Used 40 48.3 ± 27.1 42.6 ± 26.7 7.5 ± 3.8 4.7 ± 2.4
PurpleAir PA-II-SD 8E2D – Used 40 40.8 ± 28.2 36.0 ± 28.8 7.0 ± 2.2 6.3 ± 2.5
PurpleAir PA-II-SD 8F98 – Used 40 34.0 ± 34.3 30.7 ± 32.0 5.8 ± 7.9 5.9 ± 7.1
PurpleAir PA-II-SD 39C8 – Used 40 35.9 ± 41.2 33.3 ± 38.7 6.8 ± 6.4 5.6 ± 5.3
Senserion SPS30 Used 39 86.7 ± 11.1 84.6 ± 13.8 – –
Thingy AQ 2005

40

81.2 ± 11.8 83.9 ± 12.5

6.7 ± 1.1 6.7 ± 0.9
Thingy AQ 2007 86.3 ± 10.0 85.4 ± 12.7
Thingy AQ 2008 82.6 ± 12.0 80.0 ± 14.3
Thingy AQ 2016 85.9 ± 12.0 83.4 ± 14.2
Thingy AQ 2019 86.0 ± 12.5 83.0 ± 15.0
TSI DustTrak 1 31 −10.7 ± 28.9 9.9 ± 28.3 – –
TSI APS 31 37.3 ± 13.7 44.9 ± 15.0 – –
Vaisala AQT420 37 5.4 ± 3.3 7.1 ± 4.4 – –
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Table 4. 2019 burn-integrated study-specific smoke calibrated PM2.5, CO, CO2, and NO2 testing accuracy (%) and collocated 
precision (%).

Accuracy (mean ± standard deviation) Collocated precision (mean ± standard deviation)

Vendor Model Unit n PM2.5 CO CO2 NO2 PM2.5 CO CO2 NO2

2B PAM 2015 12 94.1 ± 4.5 97.3 ± 2.3 98.8 ± 1.1 – 6.2 ± 3.7 0.9 ± 0.6 0.8 ± 0.7 –2B PAM 2016 20 86.1 ± 8.7 96.5 ± 2.6‡ 98.8 ± 0.9 –
AmbiLabs Nephelometer 31 91.5 ± 9.5 – – – – – – –
AQMesh 1 17 88.9 ± 8.7 – – 65.4 ± 42.6 – – – –
Duke 14 31 83.3 ± 16.3 – – – 5.9 ± 4.8 – – –Duke 23 30 89.6 ± 8.0 – – –
FTS AQT420 31 73.2 ± 16.8 95.7 ± 3.0 – ⁑ – – – –
Kunak A10 1 23 δ 96.9 ± 2.4 – 75.6 ± 26.1 δ 0.8 ± 0.9 – 1.4 ± 1.5
Kunak A10 2 26 δ 97.3 ± 1.4 – 79.2 ± 18.8
Licor 850 31 – – 99.1 ± 0.8 – – – – –
Met-One E-BAM 1 26 93.4 ± 5.6 – – – 4.1 ± 5.9 – – –
Met-One E-BAM 2 26 92.3 ± 7.2 – – –
Met-One E-Sampler 1 24 81.7 ± 17.6 – – – 2.7 ± 1.9 – – –Met-One E-Sampler 2 26 80.5 ± 17.4 – – –
PurpleAir PA-II-SD 1 30 89.5 ± 8.6 – – – 1.2 ± 1.3 – – –
PurpleAir PA-II-SD 2 30 89.9 ± 7.5 – – –
Thermo PDR 1 26 87.2 ± 12.8 – – – 1.2 ± 0.8 – – –Thermo PDR 2 20 85.7 ± 14.3 – – –
TSI APS A 29 72.5 ± 22.6 – – – – – – –
TSI DustTrak 1 31 91.1 ± 8.7 – – –

2.1 ± 1.2 – – –TSI DustTrak 2 26 92.2 ± 7.9 – – –

Notes. ‡Burn 31 was not included; ⁑Sensor not significantly correlated to reference; δCalibration did not significantly improve accuracy.

Table 5. 2021 burn-integrated study-specific smoke calibrated PM2.5 and PM10 testing accuracy (%) and collocated precision (%).
Accuracy (mean ± standard deviation) Collocated precision (mean ± standard deviation)

Vendor Model Unit n PM2.5 PM10 PM2.5 PM10

2B PAM 1022 40 89.2 ± 10.6 88.2 ± 11.7 – –
2B BCP™ 40 90.2 ± 8.8 – – –
AQMesh 2,450,480 40 78.1 ± 15.9 δ – –
Kunak A10 1 – – – – –
Kunak A10 2 40 δ δ – –
Kunak Pro 1 40 73.6 ± 18.9 74.5 ± 17.7 2.0 ± 1.7 15.0 ± 2.9
Kunak Pro 2 74.1 ± 19.8 75.4 ± 20.8
Met-One E-Sampler 171 37 80.4 ± 17.2 –

0.9 ± 0.5
–

Met-One E-Sampler 594 37 80.1 ± 17.2 – –
PurpleAir PA-II-SD 746D – New

40

88.7 ± 8.5 87.6 ± 9.0

1.9 ± 1.1 2.1 ± 1.6PurpleAir PA-II-SD 8171– New 88.6 ± 8.9 86.9 ± 9.8
PurpleAir PA-II-SD BE2E – New 89.4 ± 7.9 87.3 ± 9.7
PurpleAir PA-II-SD CBE8 – New 88.7 ± 8.9 87.2 ± 9.6
PurpleAir PA-II-SD 8BDE – Used

40

88.5 ± 9.4 87.1 ± 10.0

3.0 ± 2.6 3.1 ± 2.3

PurpleAir PA-II-SD 9349 – Used 89.0 ± 8.5 87.2 ± 9.5
PurpleAir PA-II-SD C0BA – Used 88.2 ± 9.3 87.6 ± 9.6
PurpleAir PA-II-SD EACF – Used 88.3 ± 8.6 87.5 ± 9.0
PurpleAir PA-II-SD 8BED – Used 88.5 ± 9.2 86.5 ± 10.6
PurpleAir PA-II-SD 09DE – Used 89.3 ± 8.4 87.1 ± 9.6
PurpleAir PA-II-SD 39C4 – Used 89.0 ± 8.5 87.5 ± 9.5
PurpleAir PA-II-SD CCC3 – Used 88.8 ± 9.0 87.5 ± 9.9
PurpleAir PA-II-SD 1CCA – Used 88.5 ± 8.7 87.8 ± 8.7
PurpleAir PA-II-SD 8E2D – Used 88.5 ± 9.4 86.4 ± 10.2
PurpleAir PA-II-SD 8F98 – Used 87.1 ± 9.4 86.7 ± 8.9
PurpleAir PA-II-SD 39C8 – Used 86.8 ± 13.0 85.4 ± 13.9
Senserion SPS30 39 86.4 ± 12.3 85.4 ± 13.3 – –
Thingy AQ 2005

40

85.7 ± 12.9 84.5 ± 13.5

2.3 ± 1.3 3.3 ± 2.0
Thingy AQ 2007 86.8 ± 11.5 85.4 ± 12.6
Thingy AQ 2008 83.9 ± 13.9 81.0 ± 15.8
Thingy AQ 2016 85.5 ± 12.4 83.9 ± 13.7
Thingy AQ 2019 86.0 ± 12.5 84.2 ± 13.8
TSI DustTrak 1 31 91.2 ± 6.5 88.9 ± 8.9 – –
TSI APS 31 74.3 ± 22.8 79.3 ± 18.5 – –
Vaisala AQT420 37 65.0 ± 30.9 60.8 ± 38.6 – –

Note. δCalibration did not significantly improve accuracy.
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PM2.5 performance results by instrument/sensor

The Senserion SPS30 OPS native OEM sensor logged 
with manufacturer devkit software demonstrated fast 
response to changing concentrations (Appendix Figure 
A.3) and reported the best raw burn integrated accuracy 
of 86.7 ± 11.1% (mean ± standard deviation; Table 3) for 
all systems evaluated. The SPS30 has a visually linear 
response relative to the FRM through ~1 mg m−3 

(Appendix Figure A.4a) that is slightly better fit to 
a quadratic model forced through zero (FTZ; 
Appendix Figure A.4b), with the coefficient of determi
nation (r2) improving from 0.976 to 0.985 due to a single 
high concentration. The 1-min SPS30 data show 
a similar relationship to the PM2.5 reference, with linear 
FTZ (r2 = 0.951), quadratic FTZ (r2 = 0.982), and linear 
piecewise FTZ (r2 = 0.985) models with clustering of 
responses appearing to show burn-specific differences 
(Appendix Figures A.5a-c). To highlight the influence of 
burn-specific optical and physical properties of the 
smoke aerosols on the SPS30 native sensor response 
relative to the reference PM2.5, a subset of 12 2021 
burns were plotted in Appendix Figure A.6, with data 
points from each burn identified along with unique 
linear regression model slopes presented (ranging from 
0.673–1.512), similar to previously reported OPS beha
vior (Landis et al. 2021b) that will be investigated in 
PM2.5 MLR analysis. The highest PM2.5 FRM integrated 
burn (#33) concentration (1.39 mg m−3) that appears to 
be a SPS30 response outlier in Appendix Figure A.4a, is 
bound within response slopes of other lower concentra
tion burns (e.g., burn #3), suggesting that in the absence 
of other burn concentrations in this elevated range that 
the burn 33 response may not be a concentration-driven 
outlier. Therefore, the Senserion SPS30 was calibrated 
with a SSS linear FTZ regression model (Appendix 
Table B.6) that did not improve its overall reported 
accuracy 86.4% ± 12.3% (Table 5).

The Thingy AQ implementation of the Senserion 
SPS30 sensor reported similar raw accuracies to the 
previously discussed native OEM sensor, ranging from 
81.2–86.3%, with a precision of 6.7 ± 1.1%. The Thingy 
AQ linear response relative to the reference PM2.5 con
centrations for each of the five tested units are presented 
in Appendix Figures A.7a–e and A.8a–e for burn inte
grated and 1-min data, respectively. The Thingy AQ 
units were calibrated with SSS linear FTZ marginally 
improving their reported accuracies to 83.9–86.8% and 
precision to 2.3 ± 1.3% (Table 5).

The 2B technologies dual wavelength black carbon 
photometer (BCP™) measures particulate light extinc
tion at 405 nm (near UV) and 880 nm (IR) without filter 
preconcentration and is primarily marketed as a black 

carbon instrument. However, it also reports a PM mass 
concentration calculated using a wavelength-dependent 
mass extinction coefficient. The 2B BCP demonstrated 
fast response to changing concentrations (Appendix 
Figure A.9) and reported a raw accuracy of 83.9 ±  
13.3%. Burn-integrated (Appendix Figure A.10) and 
1-min data (Appendix Figure A.11) versus the reference 
PM2.5 are presented, and good linear FTZ model fits of 
r2 = 0.969 and 0.983 were observed, respectively. Similar 
to the burn-specific responses previously discussed, the 
BCP response to burn 33 was bounded by other lower- 
concentration response slopes, so a SSS linear FTZ cali
bration model was applied that improved the reported 
accuracy to 90.2 ± 8.8%.

The AmbiLabs (Warren, RI, U.S.A.) 2WIN 
Nephelometer consistently overestimated PM2.5, resulting 
in large negative raw accuracies −254 ± 70% (Table 2). The 
nephelometer demonstrated fast response to changing con
centrations (Appendix Figure A.12), and a linear response 
through ~1.5 mg m−3 for hourly integrated burns 
(Appendix Figure A.13a) and a linear response through 
~1.6 mg m−3 for 1-min data (Appendix Figure A.13b), as 
determined using two-segment piecewise linear regression 
models. The nephelometer response above the identified 
inflection points are not supported by response character
istics at lower concentrations, suggesting a true response 
change. When data with reference PM2.5 concentrations  
> 1.6 mg m−3 are removed, an excellent linear response (r2  

= 0.993) is observed, with some minor burn-specific clus
tering (Appendix Figure A.14). When a linear calibration 
model was applied (Appendix Table B.5), the instrument 
accuracy improved to 91.5 ± 9.5% (Table 4). After our 2019 
testing, the AmbiLabs 2WIN nephelometer was designated 
by EPA for PM2.5 (EQPM-0922–260) on October 28, 2022, 
with the addition of an omnidirectional sampling inlet, 
a PM2.5 sharp cut cyclone, and firmware changes (version 
1.36 or later), incorporating a new proprietary PM2.5 algo
rithm (EPA 2022). When Ambilabs reprocessed the raw 
2WIN chamber testing data using their FEM PM algo
rithm, the instrument’s raw accuracy improved to 62.2  
± 21.6%.

The TSI DustTrak instruments tested also consistently 
overestimated PM2.5 concentrations, with unit #1 accura
cies reported −26.1 ± 27.9% in 2019 and −10.7 ± 28.9% in 
2021, respectively (with aerosol density set to 1). The over
all combined 2019 and 2021 DustTrak #1 accuracy was 
−18.4 ± 29.2% (n = 62). DustTrak precision was 2.7 ± 1.7% 
in 2019 when collocated instruments were tested. The 
DustTrak instrument provided fast (Appendix Figure 
A.15) and linear response over the full range of combined 
2019 and 2021 burn-integrated FRM PM2.5 concentrations 
(Appendix Figure A.16), with an r2 = 0.990. Calibration 
using SSS regression models (Appendix Tables B.5, B.6) 
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dramatically improved the reported accuracy to 91.1– 
92.2% (Tables 4 and 5).

The well-documented inefficiency of counting small 
diameter aerosols (e.g., <40% for 0.5 μm aerosols) 
impacted the accuracy of the TSI APS derived PM2.5 
concentrations (Armendariz and Leith 2002; Peters and 
Leith 2003; Volckens and Peters 2005) and systematically 
underestimated concentrations by greater than a factor of 
two, with accuracies of 43.6 ± 18.0% in 2019 and 37.3 ±  
13.7% in 2021, respectively. The overall combined 2019 
and 2021 APS raw accuracy was 40.3 ± 16.1% (n = 60). 
APS response time was adequate (Appendix Figure A.17), 
but non-linear and scattered (Appendix Figure A.18) 
compared with the DustTrak. APS accuracy improved 
(72.5–74.3%; r2 = 0.882) after calibrating with SSS regres
sion models.

The Kunak A10 (OPC-R2), and Kunak Air Pro 
(OPC-N3) multi-sensor pod systems both incorporated 
Alphasense OPCs. When reporting 1-min data, these 
sensors showed PM measurement gaps for 5–7 mins for 
the OPC-R2 and 2–3 mins for the OPC-N3 every hour, 
and the first reported measurement after the pause was 
lower, requiring the screening and invalidation of those 
results. The response time and visible gaps in reported 
data are presented in Appendix Figure A.19. The OPC- 
R2 provided a linear response through ~1.5 mg m−3 

during both the 2019 and 2021 studies, albeit with 
scatter (Appendix Figures A.20a-b). The collocated 
measurements in 2019 demonstrate that the scatter is 
reproducible (Appendix Figure A.20a), with a calculated 
precision of 1.8 ± 1.3% (Table 2), suggesting that the 
differences with the FRM may be related to optical 
aerosol properties. The raw accuracies of the OPC-R2 
(Kunak A10) ranged between 73.2–74.2%, and attempts 
to implement SSS calibration models did not appreci
ably improve their performance due to burn-specific 
scatter. The OPC-N3-equipped Kunak Air Pro sensors 
provided non-linear PM2.5 responses relative to the 
FRM (Appendix Figure A.21a), with raw accuracies 
ranging from 49.0–55.9% and a mean precision of 
9.7 ± 4.1% in 2021 testing (Table 3). When burns with 
FRM PM2.5 > 1 mg m−3 are removed, the response is 
linear, with burn-specific scatter that is reproducibly 
reported by the collocated unit (Appendix Figure 
A.21b). When calibrated with SSS quadratic FTZ 
smoke regression models (Appendix Table B.6), their 
reported accuracies improve to 73.6–74.1% (Table 5).

The AQMesh sensor systems use their manufactured 
OPC units. The demo unit we tested in 2019 was con
figured to report 1-min resolution PM data and 15-min 
resolution gas data, and the PM response on a typical 
test day is presented in Appendix Figure A.22. The 
newly purchased unit tested in 2021 came configured 

to measure and report 15-min resolution integrated PM 
data and 1-min resolution gas data. Appendix Figure 
A.23 shows the lower resolution PM data for a typical 
test day. The raw accuracy of the AQMesh system was 
56.7 ± 13.6% in the 2019 configuration and 76.2 ± 17.6% 
in the 2021 configuration. The different AQMesh units 
provided unique PM2.5 responses relative to the FRM 
(Appendix Figure A.24). The 2021 data were best fit to 
a quadratic FTZ calibration model that only marginally 
improved the overall accuracy to 78.1 ± 15.9%. While 
the raw accuracy of the AQMesh was lower in 2019, the 
data were conducive to a higher-order cubic FTZ cali
bration model that increased the accuracy to 88.9  
± 8.7%.

The raw accuracy of the ThermoScientific Personal 
DataRAM pDR-1500 was 73.4 ± 19.5% and 50.9 ± 27.4% 
for units 1 and 2, respectively, with a precision of 13.4 ±  
1.9%. The non-linear burn-integrated response versus 
the FRM concentrations for both units is presented in 
Appendix Figure A.25 and shows unit-specific response 
differences. Plots of 1-min PM2.5 versus the reference 
concentrations are presented in Appendix Figures 
A.26a-b, showing linear clusters of differing responses 
relative to the reference. Appendix Figure A.27 presents 
a subset of 10 2019 burns plotted with data points from 
each burn identified along with unique linear regression 
model slopes (ranging from 0.917–1.644), highlighting 
that the clusters are associated with burn-specific 
responses. Application of quadratic calibration models 
to the data improved the pDR accuracy to 87.2 ± 12.8% 
(unit 1) and 85.7 ± 14.3% (unit 2), with precision 
improving to 1.2 ± 0.8%.

The new integrated FTS Inc. (Victoria, BC, Canada) 
remote satellite data telemetry sensor system tested in 
2019 was equipped with a Vaisala AQT420 sensor that 
reported a raw PM2.5 accuracy of 67.3 ± 25.6%. The FTS 
system PM sensor reported a concentration every 
10 mins. The PM response on a typical test day is pre
sented in Appendix Figure A.28, showing both a slow 
ramp up at fuel ignition and a delayed response during 
chamber ventilation. It is not clear whether this 
observed response pattern is a function of the OPC 
ventilation rate or the timing of actual measurement 
signal acquisition. A linear SSS calibration improved 
the accuracy to 73.2 ± 16.8%. A new Vaisala AQT420 
was purchased for the 2021 testing, and raw ASCII data 
output was streamed directly to a laptop to investigate 
the native OEM performance of the stand-alone sensor 
versus the implementation of the sensor into the FTS 
system and its power management configuration as 
tested in 2019. The Vaisala AQT420 sensor reported 
PM readings every minute, but with the same repeated 
concentrations for 10-min before the value refreshed. 
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However, the new AQT420 responded in a similar 
delayed fashion as the FTS implemented AQT420 in 
2019 and inexplicably would periodically not report 
elevated concentrations during some burns (affecting 
at least one burn each day), and the overall response 
factor was approximately an order of magnitude lower 
than the FRM. Appendix Figure A.29 shows the typical 
OEM AQT420 response pattern for burns 20 and 22, but 
no response to burn 21. Appendix Figures A.30a–b and 
A31a–b show the burn-integrated and 1-min AQT420 
versus FRM PM2.5, respectively. The impact of the 
instrument’s delayed response can be seen in the 
1-min resolution data plots, and the clustering of non- 
responsive burns are clearly observable in the 2021 
study plots. The 2021 raw accuracy was 5.4 ± 3.3% and 
was improved to 65.0 ± 30.9% after calibration using 
a quadratic FTZ SSS regression model.

The E-BAM and E-Sampler instruments tested were 
pulled from the USFS Region 1 air monitor cache. The 
USFS Interagency Wildland Fire Air Quality Response 
Program (IWFAQRP; https://www.wildlandfiresmoke. 
net/) maintains a cache of Met-One E-BAM and 
E-Sampler units, which are dispatched nationwide 
with Air Resource Advisors (ARAs; USFS, 2020) to 
measure and disseminate smoke impact information to 
the public during large wildfire incidents. The E-BAM is 
a 14C beta attenuation-based system that reports hourly 
(_HR) and 10-min estimated (_RT) data. Since the 
burns were not timed exactly to the top of an hour, 
E-BAM burn-integrated concentrations were calculated 
using the 10-min data stream. The raw accuracy of the 
E-BAMS ranged between 78.1–82.0%, with a collocated 
precision of 4.7 ± 6.6%. The near linear response and 
excellent precision is depicted in Appendix Figure A.32 
and is consistent with previously reported Met-One 
BAM1022 (14C beta attenuation-based FEM) results in 
smoke reported in Long et al. (2023). The SSS calibrated 
E-BAM accuracies improved to 92.3–93.4%, with 
a precision of 4.1 ± 5.9%. The E-Sampler light- 
scattering instrument reported raw accuracy range 
from 72.5–77.8% in 2019 and 58.9–59.2% in 2021, 
with precision of 5.0 ± 1.9% and 0.9 ± 0.5%, respectively. 
Appendix Figures A.33a (2019) and A.33b (2021) pre
sent the burn-integrated E-Sampler versus FRM PM2.5. 
After quadratic FTZ SSS model calibration, the accura
cies improved to 80.5–81.7%, with a precision of 2.7 ±  
1.9% in 2019, and 80.1–80.4%, with a precision of 0.9 ±  
0.5% in 2021.

The 2B PAM, Duke, and PurpleAir sensor systems 
tested all utilized Plantower OEM laser scattering sensors 
(Table 1). Since there are thousands of PurpleAir sensors 
in use, the sensors have been widely evaluated (Barkjohn 
K, Holder A, et al. 2021; Barkjohn KK, Gantt B, et al.  

2021; Barkjohn et al. 2022; Malm et al. 2024), and are 
currently being utilized by the AirNow Fire and Smoke 
Map (https://fire.airnow.gov/), the next section is dedi
cated to presenting our results on these units. The 2B 
PAM units had intermittent issues initializing connection 
to local cellular service in 2019, which reduced the overall 
data completeness but provided complete data in 2021. 
The PAM raw accuracy ranged from 76.5–79.0% with 
precision of 6.3 ± 3.5% in 2019 and accuracy was 75.1 ±  
19.0% in 2021. Appendix Figures A.34a (2019) and A.34b 
(2021) show the burn-integrated PAM versus FRM 
PM2.5, with cubic FTZ regression models. Plots of 
1-min PAM PM2.5 versus the reference concentrations 
are presented Appendix Figures A.35a (2019) and A.35b 
(2021) to highlight the non-linear response and some 
burn-specific clustering. After SSS calibration, the accura
cies ranged from 86.1–94.1% in 2019 and was 89.2 ±  
10.6% in 2021. The used Duke sensors tested were the 
same units as previously described and evaluated by 
Zheng et al. (2018). The Duke sensors raw accuracy 
ranged from 76.6–79.9%, with precision of 3.3 ± 2.0%. 
Appendix Figure A.36a shows the burn-integrated Duke 
sensors versus FRM PM2.5 with cubic FTZ regression 
models, and Appendix Figure A.36b shows the 1-min 
Duke sensors versus Reference PM2.5 with cubic FTZ 
regression models. After calibration, the Duke accuracies 
ranged from 83.3–89.6%, with a precision of 5.9 ± 4.8%. 
The PAM and Duke units performed similarly, with 
reported concentration overestimating the FRM when 
PM2.5 < 500 μg m−3 and then underestimating higher 
concentrations between a factor of 1 – 2 at 
concentrations > 1000 μg m−3.

Comparison with previous studies

Trent (2003) evaluated the performance of one new 
E-Sampler and four new E-BAM instruments in pine 
needle smoke (30–1288 μg m−3) versus a MesaLabs 
(Lakewood, CO, U.S.A.) Model BGI PQ200 FRM sampler 
during 30 test burns at the FSL. Ambient conditions for 
the testing were 18–27°C and RH ~ 30%. All four E-BAM 
units were highly correlated with the FRM (r2 > 0.994) and 
overestimated PM2.5, with E-BAM versus FRM burn- 
integrated linear regression slopes between 1.09 and 1.21 
(intercepts ranged from −23.8 to −11.5). The two USFS 
cache E-BAM units we tested in 2019 also overestimated 
PM2.5, with slopes of 1.13 and 1.16 (r2 ≥ 0.99) and inter
cepts of 26.9 and 6.6, respectively. The Trent (2003) 
E-Sampler unit performed similarly to E-BAMs, with 
a linear regression model versus the FRM of 1.13x + 3.41 
(r2 = 0.963). The two USFS cache E-Sampler units we 
tested in 2019 overestimated PM2.5, with slopes of 1.26 
and 1.44 (r2 ≥ 0.964) and intercepts of −61.5 and −85.1, 
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respectively. The E-Sampler units we tested in 2021 over
estimated PM2.5, with the identical slope of 1.57 
(r2 ≥ 0.954) and intercepts of −73.1 and −71.5. Trent 
(2003) did not report accuracy and precision information 
or attempt to evaluate the E-BAM or E-Sampler perfor
mance in terms of burn conditions.

Mehadi et al. (2020) assessed the performance of several 
instruments for measuring PM2.5 in smoke, including the 
MetOne E-BAM, TSI Model 8520 DustTrak, Thermo 
pDR-1500, and Purple Air PA-II sensors in a chamber 
and at ambient sites. Pairs of each monitor type were 
collocated with Met-One Model BAM 1020 FEM (EPA  
2015 - EQPM-0715–266), to measure smoke PM in labora
tory testing (188–883 μg m−3; RH = 24–68%). All four 
instrument/sensors overestimated PM2.5, with the 
E-BAM and pDR-1500 agreeing best with the FEM refer
ence. The PA-II units had a large positive offset and were 
poorly correlated with reference (linear regression line 
versus reference = 0.67x + 622; r2 = 0.33). The DustTrak 
linear regression slope versus the FEM (y = 2.16x − 7.0; 
r2 = 0.84) was about twice that of the E-BAM (y = 1.17x  
− 67.2; r2 = 0.95) and pDR-1500 (y = 1.07x − 40.3; r2 =  
0.80). Overall, the Trent (2003), Mehadi et al. (2020), and 
our testing report consistent E-BAM performance versus 
an FRM/FEM reference with mean high bias of ~10–20%.

Delp and Singer (2020) evaluated the performance 
of several monitor types, including a Thermo Model 
pDR-1500 (PDR) and TSI Model DustTrak II-8533 
(DT), during the sampling of smoke-impacted ambient 
air in Berkley, CA, over 13 days during the 2018 Camp 
Fire (~225 km away). The testing took place inside 
a lab with “high infiltration” of outdoor air and occa
sionally with the doors to the outside opened. The 
monitors were evaluated versus a Thermo Tapered 
Element Oscillating Microbalance (TEOM) Model 
1045-DF FEM (EPA 2009 - EQPM-0609–182). Delp 
and Singer (2020) calculated adjustment factors (AF), 
the slope of a linear FTZ regression of candidate moni
tors versus the FEM, for 4-hour intervals of data. The 
PDR and DustTrak were only available for a “few 
days.” The AF for the PDR was 1.89 (1.23, 2.21) (med
ian and 10th & 90th percentiles), and the AF for the DT 
was 3.99 (3.57, 4.26). The DustTrak AF is almost dou
ble the 2.16 slope reported by Mehadi et al. (2020) and 
the slopes from our 2019 (2.34–2.45) and 2021 (2.37) 
testing. The Delp and Singer (2020) pDR-1500 AF of 
1.89 is consistent with the slopes of our 2019 testing 
results (1.44–1.82), but higher than the 1.07 reported 
by Mehadi et al. (2020). The authors suggested the 
different responses between the pDR-1500 and 
DustTrak is related to the factory calibrations—“the 
DustTrak uses A1 Ultrafine dust, with mass median 
diameter (mmd) in the range of 3 to 5 μm. The PDR is 

calibrated with Arizona test dust A2 Fine, with mmd of 
8 to 10 μm.”

PurpleAir sensors raw and calibrated performance

The PurpleAir outdoor sensors tested include two 
Plantower PMS5003 OPS units that can be used to char
acterize some performance metrics and provide for ambi
ent data to be aggregated and publicly displayed on the 
manufacturer’s website (https://community.purpleair. 
com/c/data/7) and the AirNow Fire and Smoke Map 
(https://fire.airnow.gov/). Eighteen PurpleAir units were 
tested, two in 2019 and 16 in 2021. The exact use history 
of the USFS units tested in 2019 is uncertain, and there
fore, we limit this discussion to the 16 units from the 2021 
testing. Four of the 16 units were brand new (Tables 3, 5 
and 6), while the remainder had been previously 
deployed for ~1 yr of ambient air sampling at sites in 
Boise, ID; Missoula, MT; and Reno, NV. The raw burn 
integrated data (PurpleAir data stream cf = 1) were 
screened using a quality assurance procedure adapted 
from the Barkjohn et al. (2022) criteria but based on 
our unique testing data, whereby if the two sensors in 
a single unit (A/B) had an hourly integrated concentra
tion absolute relative percent difference (RPD) >50% 
then the data were flagged. None of the new PurpleAir 
units exceeded this criterion for any of the hourly inte
grated burns. However, we noted that two of the pre
viously used units (8BED, 39C4) reported hourly 
concentrations that exceeded the paired sensor screening 
criteria for every test burn, and two other units (8F98, 
39C8) reported six and eight paired hourly burn concen
trations that exceeded the criteria, respectively. To pre
serve as much data as possible in these limited 
comparisons, we used the FRM reference concentration 
to identify which sensor in each pair was reporting erro
neous readings and then invalidated that value and used 
the remaining sensor results for calculating burn inte
grated PM2.5. However, in typical ambient smoke mon
itoring applications where A/B sensor precision 
screening criteria are applied (e.g., AirNow Fire and 
Smoke Map), it would not be possible to identify which 
sensor is erroneous, and it would be necessary to invali
date the flagged data points. Automated monitoring of A/ 
B sensor precision would provide a mechanism for track
ing performance deterioration and notifications for sen
sor replacement.

The study burn integrated PurpleAir PM2.5 raw accu
racy ranged from 34.0–57.4%, with a mean of 44.2% 
(Table 3). There was no discernible difference in study 
mean raw accuracy between the new and used units fol
lowing data screening, and on a burn-by-burn basis, the 
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difference in mean accuracy between new and used units 
was <5.2% for 38 of 40 burns. Our test results are consis
tent with previous studies in smoke impacted environ
ments; PM2.5 mass concentrations reported by PurpleAir 
sensors are biased high, particularly for concentrations  
<1 mg m−3, and require calibration (Holder et al. 2020; 
Barkjohn K, Holder A, et al. 2021; Barkjohn KK, Gantt B, 
et al. 2021). Quadratic FTZ SSS calibration models were fit 
to all PurpleAir sensors (Appendix Table B.6). Figure 1a 
presents an example PurpleAir #9349 raw PM2.5 non- 
linear response versus the FRM fit with a quadratic FTZ 

model, with an inset showing the raw accuracy distribu
tion, and Figure 1b shows the calibrated linear response 
and improved accuracy distribution. Some of the 
PurpleAir units could be fit to a cubic FTZ model 
(Figure 1c) that potentially would improve accuracy in 
the 100–500 μg m−3 concentration range, but the improve
ment to accuracy over the full test range was not substan
tially different 89.0 ± 8.5% versus 89.9 ± 9.7% for unit 
#9349 (Figure 1d). Therefore, for consistency, the quad
ratic FTZ SSS calibration was applied to all the PurpleAir 
units. Appendix Figure A.37a shows the burn-integrated 

Figure 1. Example 2021 PurpleAir sensor raw PM2.5 versus FRM fit with quadratic FTZ model with raw accuracy distribution whisker 
plot inset (a); quadratic calibrated PM2.5 versus FRM with calibrated accuracy distribution inset (b); raw PM2.5 versus FRM fit with cubic 
FTZ model (c); and cubic calibrated PM2.5 versus FRM with calibrated accuracy distribution inset.
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responses for an additional two PurpleAir units, and 
Appendix Figure A.37b shows the continuous 1-min com
parison to the reference. The SSS quadratic FTZ regression 
calibration models based on the burn integrated FRM 
PM2.5 dramatically improved accuracy to 86.8–89.4% 
(Table 5), roughly doubling the study mean raw accuracy 
for new and used sensors, and reduced the analytical 
artifact (ΔFRM) across the range of PM2.5 tested 
(Appendix Figures A.38a–b). We also applied the Fire 
and Smoke Map (FSM; Barkjohn K, Holder A, et al.  
2021) and EPA (EPA; Barkjohn et al. 2022) calibration 
protocols to our raw PurpleAir data. Both the FSM cali
bration and the EPA calibration provided study mean burn 
integrated PM2.5 accuracies comparable to the SSS calibra
tions (Table 6).

We examined the SSS, FSM, and EPA calibrated 
PurpleAir versus the FRM PM2.5 accuracies to gauge 
how the calibrations perform across a wide range of 
PM2.5 concentrations that may be encountered in smoke- 
impacted environments. The ΔFRM for the three calibra
tion models are plotted versus the FRM PM2.5 in 
Appendix Figures A.39a–b. The accuracies of the three 
calibration models are comparable over most of the tested 
range; however, the SSS calibration is somewhat less 
accurate than the other models for FRM reference 
≤ 200 μg m−3. Given that PurpleAir sensors are widely 
used for smoke monitoring, confirmation of their accu
racy in heavily smoke-impacted environments is an 
important aim of this study. Defining heavily smoke- 
impacted environments using the U.S. EPA Air Quality 
Index (AQI) threshold for the PM category “hazardous,” 
PM2.5 ≥ 225.5 μg m−3, we find the mean accuracies were 
88.8% for the FSM calibration, 86.5% for the EPA cali
bration, and 90.9% for the SSS calibration. These results 

indicate that using the FSM or EPA calibration model will 
provide accurate estimates of PM2.5 in heavily smoke- 
impacted environments. While occurrences of smoke 
PM2.5 > 225 μg m−3 have been somewhat limited at 
U.S. regulatory monitoring sites, (our query of the U.S. 
EPA Air Quality System (AQS; EPA 2025), which con
tains ambient air monitoring data collected by federal, 
state, and local agencies nationwide at mostly urban sites, 
found that across the western 11 states between 
2010–2024 there were 13,099 site-hours (202 sites) for 
which FEM PM2.5 exceeded 225 µg m−3 during periods of 
wildland fire smoke impacts), they are likely far more 
common on fire lines, in fire camps, and in rural com
munities nearby active wildfires (Navarro 2020).

PM2.5 MLR analysis

The MLR analysis results for the 2021 FSL chamber 
burns are presented in Appendix Table B.7, and the 
independent variables and included interaction terms 
used were typically able to explain >90% of the varia
bility in instrument/sensor PM2.5 measurement artifacts 
(ΔFRM) in smoke, with coefficients of multiple determi
nation (R2) ranging from 0.806–1.000. The MLR analy
sis found that PM2.5 measurement artifacts in 
instrument/sensor systems were mainly a result of 
changes in smoke aerosol optical properties (BC, ΔC), 
effective aerosol density (ρeff), and aerosol size distribu
tion (MMAD; see significant type III sum of squares 
F values in Appendix Table B.7). The dominance in the 
physical and optical aerosol properties affecting PM2.5 
measurement artifacts is not surprising due to the lim
ited temperature (18.4–21.3°C) and RH (14–33%) range 
during the FSL chamber testing. However, the AQMesh 

Table 6. 2021 PurpleAir sensor burn-integrated PM2.5 testing accuracy (%) for raw and several adjustment regimens.
Accuracy (mean ± standard deviation)

PA-II-SD Unit Study Raw Fire & Smoke Mapδ EPA smoke‡ Study sensor specific

#1 2019 56.7 ± 25.3 90.6 ± 8.1 87.6 ± 9.0 89.5 ± 8.6
#2 2019 57.0 ± 24.6 91.0 ± 7.9 88.4 ± 9.2 89.9 ± 7.5
746D – New 2021 35.2 ± 30.6 84.1 ± 11.0 87.6 ± 9.2 88.7 ± 8.5
8171 – New 2021 49.1 ± 27.7 89.7 ± 7.3 86.8 ± 8.2 88.6 ± 8.9
BE2E – New 2021 50.9 ± 29.7 90.0 ± 6.8 85.9 ± 8.8 89.4 ± 7.9
CBE8 – New 2021 49.6 ± 28.0 90.0 ± 7.2 86.5 ± 8.1 88.7 ± 8.9
8BDE – Used 2021 42.6 ± 29.9 87.7 ± 8.9 87.8 ± 8.5 88.5 ± 9.4
9349 – Used 2021 43.0 ± 28.2 88.0 ± 8.4 88.1 ± 8.1 89.0 ± 8.5
C0BA – Used 2021 36.2 ± 30.5 83.9 ± 11.9 86.7 ± 10.1 88.2 ± 9.3
EACF – Used 2021 45.5 ± 30.6 88.9 ± 8.0 87.7 ± 8.3 88.3 ± 8.6
8BED – Used 2021 57.4 ± 28.5 88.4 ± 7.3 82.7 ± 9.3 88.5 ± 9.2
09DE – Used 2021 41.2 ± 32.6 88.2 ± 9.8 87.1 ± 10.3 89.3 ± 8.4
39C4 – Used 2021 47.0 ± 31.1 89.8 ± 7.5 86.9 ± 8.2 89.0 ± 8.5
CCC3 – Used 2021 51.7 ± 25.9 89.9 ± 7.1 86.4 ± 8.9 88.8 ± 9.0
1CCA – Used 2021 48.3 ± 27.1 88.4 ± 7.6 86.4 ± 8.4 88.5 ± 8.7
8E2D – Used 2021 40.8 ± 28.2 86.4 ± 10.3 87.5 ± 9.3 88.5 ± 9.4
8F98 – Used 2021 34.0 ± 34.3 82.5 ± 12.9 87.0 ± 11.0 87.1 ± 9.4
39C8 – Used 2021 35.9 ± 41.2 85.7 ± 14.3 87.8 ± 13.1 86.8 ± 13.0

Notes. δAirNow Fire & Smoke Map (Barkjohn K, Holder A, et al. 2021); ‡Barkjohn et al. (2022).
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(temp & RH), Thingy (RH * temp), and Vaisala 
AQT420 (RH) measurement artifacts were still found 
to be significantly impacted by environmental condi
tions. The 2B photometer was found to be impacted by 
the fewest independent variables and interactions, with 
only ΔC, MMAD*PM2.5, and ΔC*MCE explaining 94% 
of the variability in PM2.5 measurement artifacts.

The non-regulatory instrument/sensor PM2.5 mea
surement artifact MLR model independent variable and 
interaction drivers determined in this analysis are mostly 
consistent with those reported by Long et al. (2023) for 
understanding PM2.5 measurement artifacts for the FEM- 
designed Teledyne T640 scattered light spectroscopy 
PM2.5 regulatory instrument. One difference in the non- 
regulatory instrument/sensor reported results is the sig
nificance of aerosol size distribution (MMAD) deter
mined in this study, derived from the LAS instrument, 
and the APS-derived MMAD utilized in the Long et al. 
(2023) analysis, not a significant independent variable or 
interaction. Either the Teledyne T640 measurement and/ 
or PM2.5 mass concentration algorithm are better at con
trolling for changes in aerosol size distribution, or the 
APS-derived MMAD used in the Long et al. (2023) ana
lysis was not able to adequately resolve the aerosol size 
distribution of the smoke in the chamber due to known 
inefficiencies in counting particle sizes below 0.8 microns 
(Volckens and Peters 2005; Peters et al. 2006). Our 
MMAD measurement comparisons between the APS 
versus PM2.5 LAS are summarized in Appendix Table 
B.8 and show the large differences between MMAD esti
mates based on the different measurement technologies.

Biomass burning smoke aerosols are predominantly 
(60–95%) organic aerosol (Urbanski et al. 2022), with 
optical properties that are highly variable (Kirchstetter 
et al. 2004; Saleh et al. 2013; Laskin et al. 2015). The 
significant MLR model interactions between combustion 
conditions (MCE) and the amount of BC (MCE*BC) and 
the wavelength (λ) dependence of aerosol optical absorp
tion (MCE*ΔC) observed for most tested instruments/ 

sensors highlight the potential raw measurement artifacts 
as a function of fire activity (e.g., flaming, smoldering) and, 
therefore, specific job tasks that firefighters are assigned. 
The non-linear SSS and the FSM/EPA (PurpleAir) calibra
tions are shown to do a reasonable correction for these 
changes in aerosol physical and optical properties, with 
accuracy improvements to >80% enabling reliable public 
health messaging for firefighters and impacted nearby 
communities.

Gas sensor performance

The raw burn integrated gaseous testing accuracy and 
collocated precision results are summarized for all 
tested instruments/sensors in Tables 2 and 7 for 2019 
and 2021 studies, respectively. The 2019 burn- 
integrated gaseous reference concentrations (Appendix 
Table B.3) ranged from 0.69–6.81 ppm (CO), 453–530 
ppm (CO2), 15.9–135.1 ppb (NO), 7.5–48.1 (NO2), and 
1.4–77.6 ppb (SO2); and the 2021 burn-integrated gas
eous reference concentrations (Appendix Table B.4) 
ranged from 0.31–4.25 ppm (CO), 439–517 ppm 
(CO2), 8.6–144.9 ppb (NO), 3.1–39.3 (NO2), and 
1.5–35.1 ppb (SO2). We observed generally good 
accuracies for CO and CO2 sensors (75–99%), disparate 
moderate-good performance for NO2 (45–80%), and 
generally poor performance for SO2 (−889 to 57%). 
SSS calibration equations were developed, evaluated, 
and applied to all the gas sensors to evaluate the poten
tial for improving their performance in smoke. All the 
selected calibration equations are presented in 
Appendix Tables B.5 and B.6 for the 2019 and 2021 
studies, respectively. The updated regression calibrated 
gas instrument/sensor performance results are summar
ized in Table 4 (2019) and Table 8 (2021) and demon
strate that most performance metrics significantly 
improved versus their raw metrics. As expected, sensors 
with well-fit SSS calibration regression equations pro
duced the most significant performance improvements.

Table 7. 2021 burn-integrated raw gas species testing accuracy (%) and collocated precision (%).
Accuracy (mean ± standard deviation) Collocated precision (mean ± standard deviation)

Vendor Model Unit n CO CO2 NO2 SO2 CO CO2 NO2 SO2

2B PAM 1022 40 73.5 ± 10.7‡ 94.6 ± 1.7 – – – – – –
AQMesh 2450480 40 69.6 ± 12.6 89.9 ± 1.5 44.7 ± 19.4 56.9 ± 22.1 – – – –
Kunak A10 1

40
87.8 ± 11.8 – 56.7 ± 25.2 –

7.9 ± 3.6 – 22.0 ± 20.3
–

Kunak A10 2 91.9 ± 12.0 – 52.7 ± 18.6 –
Kunak Pro 1 40 88.6 ± 4.1 93.2 ± 2.5 65.7 ± 17.5 −889 ± 737 1.6 ± 1.3 1.7 ± 0.7 39.2 ± 31.9 10.8 ± 6.8
Kunak Pro 2 90.1 ± 3.3 91.0 ± 2.3 43.1 ± 20.2 −730 ± 634
Licor 850 40 – 94.7 ± 1.0 – – – – – –
Senserion SCD30 38 – 94.5 ± 2.3 – – – – – –
Senserion SCD41 6 – 93.3 ± 0.2 – – – – – –
Vaisala AQT420 37 82.8 ± 9.4 – 49.9 ± 66.2 −687 ± 613 – – – –
Vaisala GMP343 40 – 94.0 ± 2.4 – – – – – –

Notes. ‡Six burns (7–8; 14–16; 22) where CO sensor response became very noisy and erratic were excluded; if included, the accuracy would have been 65.3 ± 25.9.
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Two dedicated NDIR-based CO2 instruments, the 
Licor Model 850 (used) and the Vaisala Model 
GMP343 (new), were tested. Unlike many of the 
other systems tested, these units can be user calibrated 
using standard air quality calibration systems; there
fore, both systems were zero and span-calibrated using 
an EPA protocol gas diluted into ultra scientific grade 
zero air prior to each study period and were evaluated 
versus the USFS CRDS CO2 reference instrument cali
brated using a separate system. The Licor 850 raw 
accuracy was 94.0 ± 1.3% in 2019 (Appendix Figure 
A.40a) and 94.7 ± 1.0% in 2021 (Appendix Figure 
A.40b) and were linear through the entire dynamic 
test range (r2 = 0.958–0.992). Study calibration to the 
reference analyzer resulted in slightly improved accu
racy to 99.1 ± 0.8% and 99.3 ± 0.6% in 2019 and 2021, 
respectively. The Vaisala GMP343 was only tested in 
2021, and its raw accuracy was 94.0 ± 2.4% and was 
linear through the entire test range (r2 = 0.963; 
Appendix Figure A.41). Study calibration slightly 
improved accuracy to 98.6 ± 0.9%.

The 2B PAM units tested in 2019 (#2015, #2016), 
which employed Alphasense Model CO-A4 ampero
metric sensors, were new and had excellent raw accuracy 
for CO (93.9–94.3%), precision (2.7 ± 1.2%), and linearity 
(r2 > 0.995–0.998; Appendix Figure A.42a). The 
Amphenol (Wallingford, CT, U.S.A.) Model TelAire 
T6713 NDIR CO2 response from the two PAM units 
were linear (r2 = 0.855–0.998; Appendix Figure A.42b), 
but units had large offsets versus the reference concentra
tions and different slopes (1.562–2.125) that negatively 
affected raw accuracy (−133.7 to 48.6%) and precision 
(46.7 ± 25.8%). Following SSS linear calibration, the CO2 
accuracies (99 ± 1%) and precision (0.8 ± 0.7%) were dra
matically improved, and the CO accuracies were slightly 
improved to 96.5–97.3%, with corresponding precision 
improvements to 0.9 ± 0.6%. We attempted to test two 
other 2B PAM units in 2021 after two years of ambient 

use (#1022, #1036), but unit #1036 sensors were all non
responsive to changing concentrations in the chamber, 
and the results were invalidated. The CO sensor on unit 
#1022 intermittently provided extremely noisy signals, 
and so results from six burns were invalidated (Burns 
7–8; 14–16; 22). The raw CO accuracy for the remaining 
34 burns was 73.5 ± 10.7%, with good linearity (r2 =  
0.874; Appendix Figure A.43a). The raw accuracy for 
CO2 including all 40 burns, was 94.6 ± 1.7%, with good 
linearity (r2 = 0.846; Appendix Figure A.43b). SSS linear 
calibrations substantially improved the CO accuracy to 
92.3 ± 8.0% and slightly improved the CO2 accuracy to 
98.9 ± 0.9%.

The Kunak A10 units, which employed Alphasense 
OEM sensors for all gases, were a year old when tested in 
2019, after having been tested in 2018 as part of the EPA 
Wildland Fire Sensor Challenge (Landis et al. 2021a). 
Following the 2019 chamber testing, they were deployed 
to ambient monitoring sites until FSL testing again in 2021. 
The 2019 raw accuracies for Alphasense Model CO-B4 CO 
ranged from 87.6–92.4%, with performance remaining 
virtually unchanged after two years of continuous ambient 
use, with 2021 raw accuracies ranging between 87.8– 
91.9%. The CO precision was 14.4 ± 1.0%, with excellent 
linearity (r2 > 0.996; Appendix Figure A.44a) in 2019 
and precision of 7.9 ± 3.6%, with excellent linearity (r2  

> 0.980; Appendix Figure A.45a) in 2021. As the CO 
sensors aged, we observed increased variability, with 
accuracy standard deviations increasing by approxi
mately a factor of three and decreased study calibrated 
accuracies. The Alphasense Model NO2-B43F sensor 
performance did degrade over this two-year period, 
with raw accuracies ranging from 65.9–73.9% in 2019 
and 52.7–56.7% in 2021. The NO2 sensors had substan
tially more scatter versus the FEM in 2019 (r2 = 0.445– 
0.600; Appendix Figure A.44b) compared with 2021 
(r2 = 0.659–0.868; Appendix Figure A.45b), which was 
also true of the other NO2 sensors tested.

Table 8. 2021 burn-integrated calibrated gas species testing accuracy (%) and collocated precision (%).
Accuracy (mean ± standard deviation) Collocated precision (mean ± standard deviation)

Vendor Model Unit n CO CO2 NO2 SO2 CO CO2 NO2 SO2

2B PAM 1022 40 92.3 ± 8.0‡ 98.9 ± 0.9 – – – – – –
AQMesh 2450480 40 92.5 ± 12.3 99.1 ± 1.1 61.2 ± 61.8 δ – – – –
Kunak A10 1 40 90.8 ± 11.3 – 63.2 ± 41.6 – 4.1 ± 5.3 – 13.2 ± 9.2 –
Kunak A10 2 91.8 ± 10.3 – 80.0 ± 21.8 –
Kunak Pro 1 40 95.0 ± 5.3 98.2 ± 1.2 79.3 ± 27.8 38.9 ± 62.3⁑

1.5 ± 1.2 0.4 ± 0.3 7.2 ± 7.4 4.4 ± 5.4⁑
Kunak Pro 2 96.0 ± 4.7 98.1 ± 1.2 75.5 ± 30.2 41.4 ± 62.3⁑

Licor 850 40 – 99.3 ± 0.6 – – – – – –
Senserion SCD30 38 – 98.4 ± 1.4 – – – – – –
Senserion SCD41 6 – 99.9 ± 0.9 – – – – – –
Vaisala AQT420 37 90.5 ± 14.2 – δ 44.9 ± 60.0⁑ – – – –
Vaisala GMP343 40 – 98.6 ± 0.9 – – – – – –

Notes. ‡Six burns (7–8; 14–16; 22) where CO electronic sensor response became very noisy and erratic were excluded; ⁑Chemical interference impeded 
calibration of sensors; δCalibration did not improve accuracy.
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The Kunak Air Pro units were new in 2021 when tested 
and were configured with PM and manufacturer branded 
CO, CO2, NO2, and SO2 sensors. The raw accuracies for 
CO ranged from 88.6–90.1%, with a precision of 1.6 ±  
1.3%, and were linear over the full dynamic test range (r2 

≥ 0.994; Appendix Figure A.46a). The CO2 sensor raw 
accuracies ranged from 91.0–93.2%, with a precision of 
1.7 ± 0.7%, and were linear over the full dynamic test 
range with more scatter (r2 ≥ 0.611; Appendix Figure 
A.46b). The NO2 sensor raw accuracies ranged from 
43.1–65.7%, with a precision of 39.2 ± 31.9%, and were 
nonlinear over the dynamic test range. The NO2 response 
was well fit to a quadratic regression model (r2 > 0.867; 
Appendix Figure A.46c). The SO2 sensor response 
appeared to be affected by an electrochemical interference, 
resulting in over reporting concentrations in some cases by 
an order of magnitude resulting in raw accuracies ranging 
from −730 to −889% and precision of 10.8 ± 6.8% 
(Appendix Figure A.46d). The Kunak Air Pro study cali
brated mean accuracy results improved to 95.0–96.0% for 
CO, 98.1–98.2% for CO2, and 75.5–79.3% for NO2. The 
calibrated SO2 accuracy improved to 38.9–41.4%, with 
a precision of 4.4 ± 5.4%, but was impeded by a suspected 
chemical interferent(s).

The AQMesh demo unit tested in 2019 was config
ured for PM and NO2. The NO2 raw accuracy was 62.6  
± 21.8%. The NO2 performance was negatively affected 
by delayed sensor response, variable baseline, and dif
ferential response sensitivity during tests. Appendix 
Figure A.47 demonstrates the delayed response on 
a typical test day and the similar reported integrated 
NO2 concentrations during burns 27 (16.8 ppb) and 28 
(15.2 ppb), while the FEM instrument reported NO2 
concentrations for these burns (19.2 and 37.8 ppb) 
that were almost a factor of two different. The 
AQMesh limited NO2 response range (12.4–26.7 ppb) 
versus the FEM NO2 range of response is (7.5–38.3 ppb) 
depicted in Appendix Figure A.48. The sensor reported 
NO2 was not significantly correlated with the FEM 
reference concentration using parametric (Pearson) or 
non-parametric (Spearman; Kendall Tau b) tests; there
fore, a calibration was not attempted.

The newly purchased AQMesh unit tested in 2021 
was configured with PM, CO, CO2, NO2, and SO2 sen
sors. This unit reported a raw accuracy for CO was 69.6  
± 12.6% and was linear over the full dynamic test range 
(r2 = 0.988; Appendix Figure A.49a). The CO2 sensor 
raw accuracy was 89.9 ± 1.5% and had a linear response 
(r2 = 0.914; Appendix Figure A.49b). The NO2 and SO2 
sensors generally underestimated smoke concentrations 
by a factor of two, but showed no evidence of gross 
interferences. The NO2 raw accuracy was 44.7 ± 19.4% 
and was linear over the dynamic test range (r2 = 0.686; 

Appendix Figure A.49c), and the SO2 sensor raw accu
racy was 56.9 ± 22.1% (r2 = 0.632; Appendix Figure 
A.49d). The AQMesh SSS calibrated mean accuracy 
results improved to 92.5 ± 12.3% for CO, 99.1 ± 1.1% for 
CO2, and 61.2 ± 61.8% for NO2. Attempts to calibrate 
the SO2 sensor results using standard polynomial regres
sion models did not result in meaningful improvement.

The new Vaisala AQT420 sensor that was integrated 
into the FTS system tested in 2019 demonstrated good 
temporal (Appendix Figure A.50a) and linear response 
versus the FEM reference instrument for CO (Appendix 
Figure A.51a), erratic response for NO2 (Appendix 
Figure A.50b and Appendix Figure A.51b), and gener
ally delayed response with severe hysteresis for SO2 
(Appendix Figure A.50c and Appendix Figure A.51c). 
The raw accuracy results were 81.6 ± 5.4% for CO, 42.7  
± 52.3% for NO2, and −83.3 ± 250.4% for SO2. The 
linear SSS calibrated CO results improved to 95.7 ±  
3.0%. Attempts to calibrate the SO2 sensor did not 
appreciably improve its accuracy due to the observed 
temporal response and hysteresis issues. The sensor 
reported NO2 was not significantly correlated with the 
FEM reference concentration using either parametric or 
non-parametric tests; therefore, a calibration was not 
attempted.

A new Vaisala AQT420 sensor was tested in 2021, 
independent of the FTS system. Similarly good linear 
CO sensor response was observed in 2021 (Appendix 
Figure A.52a), with raw accuracies of 82.8 ± 9.4% and 
SSS calibrated accuracies of 90.5 ± 14.2%. The raw NO2 
performance was slightly improved at 49.9 ± 66.2% and 
was significantly correlated with the FEM reference con
centrations (Appendix Figure A.52b), but attempts to 
calibrate the sensor did not result in improved accuracy 
due to the high degree of scatter observed. The SO2 sensor 
reported concentrations that, on average, were almost an 
order of magnitude higher than the FEM reference 
(Appendix Figure A.52c), resulting in high negative raw 
accuracies of −687 ± 613%. SSS Calibration improved 
accuracies to 44.9 ± 60.0%.

The native Senserion OEM SCD30 and SCD41 NDIR 
CO2 sensors logged with manufacturer evaluation kit 
hardware and software performed well, with raw 
accuracies of 94.5 ± 2.3% (SCD30; n = 38) and 93.3 ±  
0.2% (SCD41; n = 6). The SCD30 provided a linear 
response (Appendix Figure A.53; r2 = 0.678) with some 
scatter. The SCD30 SSS-calibrated accuracy improved 
slightly to 98.4 ± 1.4%. Unfortunately, the SCD41 was 
received late during the study and was only available for 
the last two days of testing. Nonetheless, we included the 
results for the limited comparisons due to its excellent 
linearity (Appendix Figure A.54; r2 = 0.994) and cali
brated accuracy 99.9 ± 0.9%.
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Conclusion

This study comprehensively evaluated commercially avail
able non-regulatory PM and gas instruments/sensors 
under simulated wildland fire smoke conditions. The find
ings can aid in the selection and implementation of non- 
regulatory air quality instruments/sensors during pre
scribed fires and wildfire response operations to improve 
workforce protection and public health messaging. While 
non-regulatory instruments/sensors offer rapid deploy
ment and broad spatial coverage, their performance varied. 
Selection and configuration of instruments/sensors is cri
tical to quantifying firefighter exposure during the extreme 
dynamic conditions experienced on the fire line. Most 
lower-cost PM sensors, particularly those using OPS tech
nology, exhibited a high bias in raw PM2.5 measurements in 
smoke (Figure 2). However, applying SSS calibration mod
els significantly improved their accuracy, with many instru
ments/sensors achieving post-calibration accuracies >85% 
(Figure 2). Notably, native OEM/Thingy AQ implemented 
Senserion SPS30 sensor and 2B Tech BCP instrument 
demonstrated the best raw and SSS-calibrated perfor
mance, while the widely used PurpleAir sensors 

demonstrated substantial performance improvements 
after SSS/FSM/EPA calibration. The study also found that 
instrument/sensor PM2.5 measurement artifacts are mainly 
driven by changes in aerosol optical properties, effective 
density, and size distribution and that non-linear heavy 
smoke-specific calibrations could account for most of 
these confounding effects on reported concentrations. 
Electrochemical and NDIR-based gas sensors for CO and 
CO2 generally achieved accuracies >90% after SSS calibra
tion. However, sensors for NO2 and especially SO2 showed 
variable and often moderate to poor performance, with 
interferences and non-linearities observed in several 
models.

This study highlights the importance of smoke- 
specific calibration and periodic reference checks for 
non-regulatory instruments/sensors, especially when 
deployed in high-concentration smoke environments or 
after extended field use. Data quality assurance protocols, 
such as collocated sensor comparisons and outlier screen
ing, ensure reliable measurements. Recent studies indi
cate that integration of non-regulatory instrument/sensor 
data with regulatory monitoring networks and satellite 

Figure 2. Summary boxplot of the combined 2019 and 2021 raw and SSS calibrated PM2.5 accuracy aggregated by instrument/sensor 
model (Table 1). The box shows the interquartile range, the line inside box is the median, the error bars are the 10th and 90th 
percentiles, and the dots are the largest outliers. The solid vertical line separates sensors (left) and instruments (right). *2WIN 
nephelometer raw accuracy is off scale (−254.2 ± 70.2).
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observations can enhance smoke exposure assessment, 
support public health advisories, and improve smoke 
modeling and forecasting. However, our study shows 
that non-regulatory instruments/sensors are limited and 
require ongoing calibration near active wildland fires 
producing high PM2.5 concentrations.
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