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ABSTRACT: Low-cost air quality (LCAQ) sensors are increasingly being used for
community air quality monitoring. However, data collected by low-cost sensors contain
significant noise, and proper calibration of these sensors remains a widely discussed, but not
yet fully addressed, area of concern. In this study, several LCAQ sensors measuring nitrogen
dioxide (NO2) and ozone (O3) were deployed in six cities in the United States (Atlanta,
GA; New York City, NY; Sacramento, CA; Riverside, CA; Portland, OR; Phoenix, AZ) to
evaluate the impacts of different climatic and geographical conditions on their performance
and calibration. Three calibration methods were applied, including regression via linear and
polynomial models and random forest methods. When signals from carbon monoxide (CO)
sensors were included in the calibration models for NO2 and O3 sensors, model
performance generally increased, with pronounced improvements in selected cities such as
Riverside and New York City. Such improvements may be due to (1) temporal co-variation
between concentrations of CO and NO2 and/or between CO and O3; (2) different
performance levels of low-cost CO, NO2, and O3 sensors; and (3) different impacts of environmental conditions on sensor
performance. The results showed an innovative approach for improving the calibration of NO2 and O3 sensors by including CO
sensor signals into the calibration models. Community users of LCAQ sensors may be able to apply these findings further to enhance
the data quality of their deployed NO2 and O3 monitors.

■ INTRODUCTION
Exposure to ambient air pollution is one of the most significant
environmental health risk factors worldwide.1−3 Air pollution
exposures are associated with numerous adverse health effects,
ranging from minor discomfort to increased mortality.4−10

Traditional urban air quality management and many previous
air pollution health studies have relied heavily on reported
pollutant concentrations at sparse locations using monitors
that are designated federal reference methods (FRM) or
federal equivalent methods (FEM). These instruments have
been extensively evaluated using strict testing protocols11 and
can provide reliable measurement data. However, FRM/FEM
instruments are generally bulky, expensive, and require
specialized personnel to operate. Due to the cost involved,
the number of measurement locations is often limited.
However, higher spatial and temporal measurement data are
usually desired12,13 to meet both regulatory and epidemio-
logical needs.
Recent advancements in pollution measurement and

Internet-of-Things (IoT) technologies have enabled the rapid
evolution of low-cost air pollution sensors, which have gained
tremendous attention in recent years,11,14 allowing a paradigm
shift in air quality monitoring.15 For less than $2500 per
pollutant, these low-cost air quality (LCAQ) sensors can be
deployed in significantly greater numbers to expand the
capabilities of the existing air pollution monitoring network,
thereby extending the spatial and temporal resolution of

estimated pollutant concentrations.11,14−19 In addition, LCAQ
sensors are easier to deploy and have lower up-front capital
and maintenance costs per unit, thus making them ideal for
citizen engagement, providing new avenues for public
education on environmental science and technology, advancing
citizen science, and contributing to sustainable social develop-
ment.20,21

Despite the aforementioned advantages, the measurement
data collected from LCAQ sensors also contain substantial
uncertainties.22−24 Although the performance of many LCAQ
sensors is favorable under controlled laboratory conditions,25,26

their accuracy in the ambient environment could vary
substantially among deployment locations.26−29 The impact
of environmental conditions, such as temperature, humidity,
and the presence of interfering chemical species, has proven to
contribute most to these uncertainties.26,27,30−33 In addition,
most past studies on sensor uncertainties focused on a single
pollutant at a single geographical location.26,27,30−33 For
example, field evaluations performed by the well-known Air
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Quality Sensor Performance Evaluation Center (AQ-SPEC)
program (http://www.aqmd.gov/aq-spec) were conducted at a
single site in southern California. On the other hand, FRM/
FEM instruments are required to be evaluated in at least four
sites with distinct climatological conditions.34 Studies on how
LCAQ sensors with the capability of multi-pollutant
monitoring perform across locations with different climate
conditions remain limited.35−39 A better understanding of how
LCAQ sensors perform under different environmental
conditions and how to develop proper calibration models for
LCAQ is critical for developing practical calibration algorithms
and improving the data quality of connected sensor networks.
In this study, we evaluated and compared the performance

of a commercially available LCAQ electrochemical sensor
(Model SCI-608 monitor, Sailbri Cooper Inc., Portland,
Oregon) at six locations with different climate conditions
across the continental United States, with temperatures
ranging from 24.8 to 111.5 °F and relative humidity (RH)
ranging from 12 to 101%. The SCI-608 is capable of measuring
six pollutants and meteorological parameters, including
particulate matter with an aerodynamic diameter less than or
equal to 10 μm (PM10) and less than or equal to 2.5 μm
(PM2.5), ozone (O3), carbon monoxide (CO), nitrogen
dioxide (NO2), sulfur dioxide (SO2), temperature, and RH.
It has been used in several previous ambient measurement
studies.40,41 In this paper, we focus our discussion on the
measurements of gaseous pollutants, specifically CO, NO2, and
O3. SO2 is not discussed in the manuscript due to the low
ambient concentration in most cities (below the instrument
detection limit). PM2.5 and PM10 are not discussed here as they
are irrelevant to the topic of this paper, which focuses on
gaseous pollutants.

■ RESULTS AND DISCUSSION
Field Deployment and Conditions. The six deployment

cities have significantly different climate conditions (Figure 1).

Atlanta and New York City have a humid subtropical climate.
Sacramento and Portland have a hot-summer and a warm-
summer Mediterranean climate, respectively. On the other
hand, Riverside’s climate is semi-arid and Phoenix has a hot
desert climate. Naturally, during deployment, meteorological
conditions among the six cities varied considerably (Table 1).
Hourly mean temperatures were relatively high in Atlanta
(28.3 °C) and Riverside (26.9 °C) but low in New York (7.5
°C). Hourly mean relative humidity (RH) ranged from a

moderate value of 48% (in Sacramento) to a relatively high
value of 72% in Atlanta. The drastically different climates
among the six cities make them ideal for comparing the
performance of low-cost sensors under different environmental
conditions.
Pollution concentration levels are relatively similar for CO

and NO2 but differ for O3 among the six cities (Table 1).
Moderate NO2 levels were observed, with mean levels ranging
from 7.4 ppbv (Atlanta) to 15.5 ppbv (Phoenix). Elevated O3
levels were observed in Riverside (up to 126 ppbv,
substantially higher than in the other five cities). CO
concentration levels are generally low among all five cities
where data are available.
Sensor Performance. All sensors in the SCI-608 monitor

were directly exposed to ambient air, with no pre-conditioning.
We performed sensor calibration using three different
methods: linear, third-order polynomial, and random forest
(RF). We evaluated model performance by comparing the
coefficient of determination (R2) and root-mean-square error
(RMSE) for each model. Figure 2 provides a time-series plot of
hourly NO2 concentration at Portland, as collected by FRM/
FEM equipment and from low-cost sensors calibrated using
three different methods. The performances of the three
methods are different, particularly with regard to their
capability of capturing low and high concentrations. The
linear calibration method even resulted in negative concen-
trations. Time-series plots of FRM/FEM data and calibrated
concentrations for other pollutants and at other cities are
provided in Figures S1 through S11. Further information on
final calibration models is provided in Table S4. Note that in
the RF model, the maximum number of trees was kept at 100
across all sites.
Performances of the six SCI-608 monitiors varied consid-

erably among the six cities (Table 2 for R2 and Table S2 for
RMSE) and were not consistent for NO2 and O3. For example,
the Atlanta and Riverside LCAQ sensors perform relatively
poorly against the reference data for NO2, with R2s of only 0.34
and 0.26, respectively, when using linear calibration. On the
other hand, these two sensors perform relatively well for O3
(linear R2 = 0.81 at Atlanta and 0.97 at Riverside). On the
contrary, the Sacramento and New York monitors perform well
for NO2 (linear R2 = 0.83 and 0.84, respectively) but relatively
poor for O3 (linear R2 = 0.59 and 0.23, respectively). In
Portland and Phoenix, the performances of the two sensors are
relatively consistent between NO2 and O3. In Atlanta and
Riverside, the relatively poor NO2 sensor performances may be
attributable to high temperature and humidity conditions, the
impacts of which on the performances of electrochemical NO2
sensors have been reported in other studies.31,32,42 Relatively
high R2 values may be partially due to the considerable O3
concentration reported at the two cities (maximum 1 h ozone
concentration of 77 ppbv at Atlanta and 126 ppbv at Riverside)
during summertime.
Among the three different sensor calibration methods, the

RF method performs the best (Table 2 for R2 and Table S2 for
RMSE). However, using different methods did not change the
inconsistent performances between NO2 and O3 sensors.
Scientists from AQ-SPEC have conducted batch field tests of
NO2 and O3 sensors from various manufacturers, 11 of which
are based on electrochemical technology. According to the
results summarized in Table S5, the performance of the O3
sensor is consistently better than the NO2 one. However, our
findings indicate that their performance varied by location,

Figure 1. Locations of the six cities where the SCI-608 low-cost
monitors were deployed.
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highlighting the benefits of multiple location deployment
during sensor evaluation.
Impact of CO Data on NO2 and O3 Sensor Perform-

ances. After we included the CO sensor signal (voltage) as an
independent variable in the three calibration models for NO2
and O3 sensors, the performances of calibration models
generally increased (Table 3 for R2 and Table S3 for
RMSE). This finding is consistent for both NO2 and O3,
primarily when the original calibration model (without CO
data) performs poorly. With included CO data, the mean linear
R2 values were improved by 24% from 0.59 to 0.72 for NO2

and 28% from 0.64 to 0.81 for O3 across all sites. The mean
RMSE values for the linear method were reduced by 17% for
NO2 and 21% for O3. The inclusion of CO data works well at
New York for O3 (linear R2 values increased from 0.23 to 0.7,
RMSE reduced by 38%), at Riverside for NO2 (linear R2

increased from 0.26 to 0.59, RMSE reduced by 26%), at
Phoenix for both NO2 and O3, and at Sacramento for O3.
Similar findings are also observed when using polynomial and
RF calibration methods.
The improved model performances as a result of including

CO data were included are primarily for three reasons: (1)

Table 1. Details of Deployments, Including Duration and Measurement Ranges, by Citya,b

SCI-608 FRM/FEM

city start time end time days temperature (°C) RH NO2 (ppbv) O3 (ppbv) CO (ppmv)

Atlanta, GA 6/28/2019 8/9/2019 42 28.3 (17−40.5) 72 (31.7−97.4) 7.4 (1−38) 28.5 (1−77) 0.3 (0.1−1.4)
New York City, NY 1/28/2020 4/22/2020 85 7.5 (−9−23.9) 62.5 (22.2−101) 13.9 (1.1−53.7) 28.8 (1−58) 0.2 (0.1−1.4)
Phoenix, AZ 12/11/2019 4/14/2020 125 15.7 (0−34.3) 52.3 (16.9−98.3) 15.5 (2−50) 20.6 (1−56) 0.4 (0−2.3)
Portland, OR 1/4/2019 10/31/2019 301 14.7 (−4−40.2) 68.9 (17−103) 7.5 (1−42) 23.2 (1−77) 0.4 (0.1−14.9)
Riverside, CA 8/2/2019 8/22/2019 20 26.9 (16.1−44.2) 54.8 (15.3−90.1) 10.2 (2−31) 42.1 (2−126) 0.2 (0.1−0.7)
Sacramento, CA 9/27/2019 11/8/2019 43 17.6 (3−34.2) 48.1 (12−94.8) 17.1 (1−62) 23 (-2−66)

aTemperature, relative humidity, NO2, O3, and CO data are hourly averages. bAll hourly pollutant concentrations shown were collected by onsite
reference instruments (FEM/FRM) and obtained through the EPA Air Quality System (https://www.epa.gov/outdoor-air-quality-data).

Figure 2. Example time-series plot of hourly NO2 concentrations at Portland as collected by FRM/FEM equipment and from low-cost sensors with
linear, polynomial, and random forest calibration.

Table 2. Sensor Performance (R2) at Corresponding Cities, without CO Dataa

Pollutant Portland Atlanta Riverside Sacramento New York Phoenix

NO2 linear 0.73 0.34 0.26 0.83 0.84 0.51
polynomial 0.83 0.37 0.20 0.88 0.88 0.62
RF 0.84 0.65 0.48 0.93 0.90 0.74

O3 linear 0.63 0.81 0.97 0.59 0.23 0.58
polynomial 0.65 0.79 0.95 0.55 0.18 0.53
RF 0.81 0.86 0.97 0.82 0.39 0.70

CO linear 0.91 0.74 0.4 n/a 0.94 0.97
polynomial 0.9 0.74 0.46 0.94 0.97
RF 0.96 0.93 0.87 0.96 0.98

aExcellent performance (R2 > 0.8) is shown in bold.

Table 3. Sensor Performance (R2) at Corresponding Cities, with CO Data Introduced as an Independent Variablea,b

Pollutant Portland Atlanta Riverside Sacramento New York Phoenix

NO2 linear 0.80(+0.07) 0.45(+0.11) 0.59(+0.33) 0.89(+0.06) 0.86(+0.02) 0.76(+0.25)
polynomial 0.84(+0.01) 0.45(+0.08) 0.48(+0.28) 0.89(+0.01) 0.85(−0.03) 0.72(+0.1)
RF 0.86(+0.02) 0.74(+0.09) 0.68(+0.2) 0.97(+0.04) 0.92(+0.02) 0.90(+0.16)

O3 linear 0.78(+0.15) 0.83(+0.02) 0.97(+0) 0.80(+0.21) 0.70(+0.47) 0.79(+0.21)
polynomial 0.77(+0.12) 0.77(−0.02) 0.95(+0) 0.76(+0.21) 0.60(+0.42) 0.73(+0.2)
RF 0.93(+0.12) 0.89(+0.03) 0.97(+0) 0.94(+0.12) 0.81(+0.42) 0.91(+0.21)

aData shown in parentheses are changes in R2 value when CO data were included in the modela. bSubstantial improvements (R2 improvements
≥+0.2) are shown in bold.
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correlated temporal variation patterns between CO and NO2
and between CO and O3 concentrations; (2) different
performances of low-cost CO, NO2, and O3 sensors; and (3)
different impacts of environmental conditions on their
performances. The rationale for the hypothesis is explained
in the following paragraphs.
First, as shown in Table 4, the hourly concentrations of CO

and NO2 measured by colocated FRM/FEM instruments are
moderate to relatively highly correlated in all cities. The
highest R2 values between CO and NO2 are found at Riverside
(0.79), followed by New York (0.72) and Phoenix (0.65). In
these three cities, the temporal variations of CO are similar to
those of NO2, likely due to similar emission sources.
Examination of the 2017 National Emission Inventory (NEI)
data suggests CO and NO2 emissions at all three monitoring
stations are dominated by on-road and non-road mobile
sources (on average 75% for NO2 and 87% for CO).
Second, correlations between measurement data collected by

low-cost CO and NO2 sensors differed across cities (Table 4).
Such differences are likely due to the performance differences
between low-cost CO and NO2 sensors and the different
impacts of environmental conditions on their performances. In
this study, electrochemical CO sensors used in the SCI-608
generally performed better than NO2 sensors (Table 2), in part
due to the NO2 sensor design, which has room for
improvement.43 Additionally, AQ-SPEC (Collier-Oxandale et
al., 202026) evaluated the field performance of LCAQ sensors
from different manufacturers, which have both electrochemical
NO2 and CO sensors onboard (Table S5). The averaged field
R2 values were between 0.59 and 0.66, with a maximum of 0.94
for CO. Meanwhile, the value for NO2 was between 0.18 and
0.30, with a maximum of 0.58. Furthermore, the performance
of low-cost electrochemical NO2 sensors is known to degrade
when the ambient temperature exceeds 30 °C but less so for
the CO sensor.31,44−46

For these two reasons, a low-cost CO sensor may be able to
capture temporal CO concentration variability reasonably.
However, a low-cost NO2 sensor may only capture a portion of
the temporal NO2 concentration variability or less at high
temperatures. Since CO and NO2 concentrations co-vary to
some extent, a portion of the missing NO2 concentration
variability that was not captured by the low-cost NO2 sensor is
captured by the CO sensor. When we introduced the CO
sensor as an independent variable in NO2 calibration models, a
portion of the missing NO2 variability was reintroduced into
the model, leading to better model performance. The NO2
calibration model performance improved most in Riverside
(summer deployment, mean and maximum temperatures of
26.9 and 44.2 °C, Table 1), moderately in Phoenix (winter/
spring deployment, mean and maximum temperatures of 15.7
and 34.3 °C), and minimum in New York (winter/spring
deployment, mean and maximum temperatures of 7.5 and 23.9

°C). Ambient CO and NO2 concentrations in Portland and
Atlanta are not as well correlated (Table 4). Therefore,
including CO data in the NO2 calibration model was not as
beneficial as in Riverside. Similar phenomena were observed
with improved O3 calibration model performance when CO
data were introduced as an independent variable. CO and O3
concentrations measured by FRM/FEM instruments are
moderately correlated in New York and Phoenix, but low-
cost sensor measurements are not well correlated due
potentially to sensor performance differences. The inclusion
of CO data in the O3 calibration model may reintroduce some
missing temporal O3 concentration variability not captured by
the O3 signal from the sensor but captured by the CO sensor,
thus leading to improved model performance. We note that the
impacts of environmental conditions on the performance of
the O3 sensor are not as substantial as those for the NO2
sensor. In the SCI-608 monitor, two onboard electrochemical
sensors were used for O3 measurement. The first one measured
NO2 and O3 (as NO2 + O3), and the second sensor measured
only NO2. The two sensors are fundamentally similar, but an
O3 removal apparatus is installed on the second sensor, so it
does not respond to O3. Naturally, environmental conditions
that impact the NO2 sensor will also affect the O3 + NO2
sensor. However, their impacts were mostly canceled out when
subtracting the NO2 sensor signal from the O3 + NO2 sensor
signal to obtain the O3 signal. Overall, our findings suggest that
the signals from the onboard CO sensor may benefit NO2 and
O3 sensor calibration, provided that CO and NO2 and CO and
O3 concentrations are at least moderately correlated. It is
worth mentioning that this study is not the first one that
integrated the CO signal for the calibration of other sensors.
For example, Cross et al.46 explored using signals from CO,
CO2, NO, NO2, and total oxidant (Ox) sensors to calibrate the
NO sensor in the high-dimensional model representation
method. To our knowledge, this study is the first that
systematically investigated the mechanisms behind the
calibration method.
Given the tremendous potential of LCAQ sensors, the

number of studies on LCAQ sensors and sensor networks has
grown explosively in the past decade. Calibration methods for
LCAQ to improve their performances in the harsh ambient
environment are undoubtedly one of the most discussed
topics. Researchers have approached this problem from various
angles, such as hierarchical network design,47 modeling,48,49

sensor hardware design,43 and diverse calibration ap-
proaches.50,51 The presented method is intuitive and easy to
implement and has great potential to improve the perform-
ances of selected LCAQ sensors.
This study does have several limitations. First, electro-

chemical sensors are known to respond to interfering gases,
which will lead to worse sensor performance relative to a gold
standard method; it is likely that varying amounts of interfering

Table 4. Coefficient of Determination (R2) between Hourly CO and NO2 Data as Measured by Regulatory and SCI-608
Monitors

Pollutant Portland Atlanta Riverside Sacramentoa New York Phoenix

CO & NO2 between FRM/FEM 0.45b 0.45 0.79 n/a 0.72 0.65
between low-cost sensors 0.22 0.37 0.26 0.57 0.41

CO & O3 between FRM/FEM 0.27c 0.07 0.11 n/a 0.56 0.56
between low-cost sensors 0.22 0.01 0.04 0.29 0.27

aNo regulatory CO data available. bR2 = 0.45 when all hourly CO concentration >2 ppm removed. R2 = 0 when all hourly CO data are included.
cR2 = 0.27 when all hourly CO concentration >2 ppm removed. R2 = 0.02 when all hourly CO data are included.
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gases existed at the six monitoring stations during the study.
However, without detailed measurement data, it is difficult to
quantify the impact of interfering gases on the low-cost sensors
deployed in this study. Second, due mostly to logistics, the
deployments of all SCI-608 monitors did not occur at the same
time, making a direct comparison across all six locations
difficult. Third, due to length limitations, we focused our
discussion on the coefficient of determination (R2), which is
not the ideal metric for comparing sensor performance across
cities with varying pollution levels. For example, R2 values are
expected to be higher at locations with a wider range of
concentrations. Including more metrics, such as mean absolute
error or mean fractional error, would be more indicative of
model performances.52,53 We nonetheless still choose to use R2

because it is suitable for quantifying how much temporal
pollution concentration variability is captured by the model.
Fourth, we only used uncorrected voltage data collected from
working and reference electrodes in this study as we do not
have voltage data from other electrodes (e.g., auxiliary) readily
available. If such additional data were to be used, the
performances of calibration models are expected to be
improved.54 However, we do not anticipate the conclusions
of this study to be changed by excluding additional voltage
data. The previous study also showed that the auxiliary
electrode in Alphasense electrochemical sensors did not
function as desired.46

■ CONCLUSIONS
Six LCAQ sensors were deployed in six cities with diverse
meteorological conditions across the U.S. to evaluate their
performance using three different methods. We found that the
performance of low-cost NO2 and O3 sensors varied among
cities. The performance of calibration models generally
improved (considerably in certain cities) when the signals
from CO sensors were included. Such observations can be
explained by (1) the temporal co-variation of CO and NO2
and CO and O3 concentrations; (2) different performance
levels of CO, NO2, and O3 sensors; and (3) different impacts
of environmental conditions on low-cost sensors. Low-cost
electrochemical CO sensors performed better than NO2 and
O3 sensors, particularly under high temperature and humidity
conditions. Because CO and NO2 and CO and O3
concentrations co-vary to some extent, the temporal CO
concentration variations captured by the CO sensor reflected
the temporal NO2 concentration variability. When signals from
the low-cost CO sensor were included in calibration models for
NO2 and O3 sensors, a portion of the temporal concentration
variability not captured by NO2 and O3 sensors may have been
reintroduced into the calibration model, thus leading to better
model performances. However, such improvements are
expected to vary among locations. To our best knowledge,
this phenomenon has not been reported previously, and other
researchers can use our findings to improve the performance of
low-cost NO2 and O3 sensors.

■ EXPERIMENTAL METHODS
The SCI-608 monitor houses multiple sensors designed for
particulate matter (PM) and gaseous pollutants. One laser
optical particle counter (PM2005, Cubic Sensor and Instru-
ment Co., China) was used for PM measurement, four
electrochemical sensors (B4 series, Alphasense, U.K.) were
used for gaseous pollutants, and one meteorological sensor

(SHT21, Sensirion) was used for relative humidity and
temperature. The optical particle counter (OPC) counts the
number of particles within different size ranges based on the
laser scattering principle. The OPC converts particle numbers
to particle mass concentrations using proprietary algorithms.
The electrochemical sensors estimate pollutant concentrations
by measuring current changes within the sensor as induced by
chemical reactions with the target gas. The monitor can be
powered by an AC power source or an optional solar panel.
Measurement data collected by the monitor are transmitted to
a centralized server via the cellular network, and a web-based
interface is used to manage and visualize the collected
measurement data.40

In this study, we deployed six SCI-608 monitors to six
regulatory monitoring stations located in six cities in the
United States, including Portland, OR; Atlanta, GA; Riverside,
CA; Sacramento, CA; New York, NY; and Phoenix, AZ. A map
of the six cities is provided in Figure 1, with corresponding
FEM/FRM equipment models listed in Supporting Informa-
tion Table S1.
SailHero performed internal screening procedures to identify

and discard sensors with abnormal responses.55 As an
additional precaution measurement prior to field deployment,
all monitors were first tested in Portland, OR (Site ID 41-051-
00804) by colocating with FEM/FRM instruments for at least
one week as a part of sensor QA/QC and then transported to
and deployed in each city. All onsite reference data (EPA
FEM/FRM), including temperature and relative humidity in
this research, were obtained through the EPA Air Quality
System (AQS) application programming interface (API)
(https://aqs.epa.gov/aqsweb/documents/data_api.html).
Measurement data from sensors were collected continuously,
and the hourly average was computed. No down-sampling or
pre-processing (other than averaging) was performed.
Due primarily to logistic reasons, the six monitors were not

deployed at the same time (Table 1, columns 1−4). The first
monitor was installed in Portland on January 4, 2019, and the
last monitor was installed in New York on January 28, 2020.
The lengths of deployment varied, ranging from 20 days
(Riverside) to 301 days (Portland), with an average deploy-
ment of 103 days due to site access and availability. All units
were AC-powered, and no solar panels were used. Data
completeness is 99% in Phoenix, AZ, and 100% in all other five
cities.
We applied three methods, separately at each location, to

develop sensor calibration models: simple linear regression,
third order polynomial regression, and random forest (RF), all
of which have been used in recent studies of low-cost gaseous
sensor calibrations.56,57 In the linear method, we applied eq 1

C aS bT c dRHp p= + + + (1)

where Cp is the concentration (ppbv) of pollutant p as
measured by the FRM/FEM instrument; Sp is the uncorrected
electrode voltage (mV) from sensors, which was set to raw
NO2 sensor voltage for NO2 calibration and O3 sensor
response with the NO2 signal subtracted for O3 calibration
(done due to the physical design of electrochemical sensors
used in SCI-608); T is the temperature (°C); RH is the
relative humidity; and a, b, c, and d are the linear regression
coefficients. To keep the data conformity, T and RH data used
in this study were measured by FRM/FEM equipment but not
from low-cost sensors.
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In the polynomial method, we applied the following
equation (eq 2)

C aS bT c dRHp p
3 3 3= + + + (2)

In the random forest method, we selected 100 as the number
of trees grown in each calibration model based on sensitivity
analysis. All other parameters, such as maximum tree depth,
were also selected based on sensitivity analysis.
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