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Abstract. Low-cost optical particle sensors have the potential to supplement existing particulate matter (PM) monitoring

systems to provide high spatial and temporal resolution. However, low-cost PM sensors have often shown questionable perfor-

mance under various ambient conditions. Temperature, relative humidity (RH), and particle composition have been identified

as factors that directly affect the performance of low-cost PM sensors. This study investigated if NO2, which creates PM2.5 by

chemical reactions in the atmosphere, can be used to improve the calibration performance of low-cost PM2.5 sensors. To this5

end, we evaluated the PurpleAir PA-II, called PA-II, a popular air monitoring system that utilizes two low-cost PM sensors that

is frequently deployed near air quality monitoring sites of the Environmental Protection Agency (EPA). We selected a single

location where 14 PA-II units have operated for more than two years since July 2017. Based on the operating periods of the

PA-II units, we then chose the period of Jan. 2018 to Dec. 2019 for study. Among the 14 units, a single unit containing more

than 23 months of measurement data with a high correlation between the unit’s two PMS sensors was selected for analysis.10

Daily and hourly PM2.5 measurement data from the PA-II unit and a BAM 1020 instrument, respectively, were compared using

the federal reference method (FRM), and a per-month analysis was conducted against the BAM-1020 using hourly PM2.5 data.

In the per-month analysis, three key features, temperature, relative humidity (RH), and NO2, were considered. The NO2, called

colocated NO2, was collected from the reliable instrument colocated with the PA-II unit. The per-month analysis showed the

PA-II unit had a good correlation (coefficient of determination, R2 > 0.819) with the BAM-1020 during the months of Nov.,15

Dec., and Jan. in both 2018 and 2019, but their correlation intensity was moderate during other months, such as July and Sep.

2018, and Aug., Sep., and Oct. 2019. NO2 was shown to be a key factor in increasing the value ofR2 in the months when mod-

erate correlation based on only PM2.5 was achieved. This study calibrated a PA-II unit using multiple linear regression (MLR)

and random forest (RF) methods based on the same three features used in the analysis studies as well as their multiplicative

terms. The addition of NO2 had a much larger effect than that of RH when both PM2.5 and temperature were considered for20

calibration in both models. When NO2, temperature, and relative humidity were considered, the MLR method achieved similar

calibration performance to the RF method. Since it is practically infeasible to colocate a reliable NO2 instrument colocation

with high accuracy at low-cost PM sensors, we investigated the effectiveness of using NO2 data (which we call distant NO2),

collected from monitoring sites deployed at locations far from the considered low-cost PM sensor for calibration performance

enhancement. It was shown that the use of distant NO2 enhances the calibration performance compared to calibration with-25

out NO2 when it is highly correlated with colocated NO2. Overall, PA-II units have good agreement with PM2.5 monitoring
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systems of high quality. Moreover, the calibration performance can be improved by using machine learning algorithms and by

considering temperature, RH, and especially NO2.

1 Introduction

Recently, attention has been paid to particulate matter (PM), which not only has adverse effects on visibility but also can30

impact human health by contributing to conditions such as cardiovascular disease, asthma, and lung cancer (Liu et al., 2018,

2013). PM that is less than 2.5 µm in diameter, referred to as PM2.5, can penetrate the lungs and may thus increase the risk

to human health. Globally, the estimated number of adult deaths attributable to PM2.5 exposure is over 0.67, 1.6, and 2.1

million for lung cancer, cardiopulmonary disease, and all causes, respectively (Evans et al., 2013). To minimize the harmful

effects, many countries regulate daily and annual PM2.5 concentrations by monitoring PM2.5 levels at air quality monitoring35

stations. The monitoring stations use Federal Reference Method (FRM) and/or Federal Equivalent Method (FEM) instruments,

which have high precision and accuracy. These instruments can provide high quality measurements of PM2.5 concentrations

at the installed locations and nearby surroundings. However, these instruments are sparsely distributed due to the high cost

of the equipment (ten thousand to tens of thousands of US dollars), so they cannot provide spatial variability. In other words,

traditional monitoring stations frequently provide air quality data with poor spatio-temporal resolution, due to the limited40

number of high quality instruments.

As a cost-effective approach for a dense monitoring network, many stakeholders and researchers have turned to low-cost

PM sensors that use a light scattering technique for measurement. In addition to low cost, these sensors have the advantages

of low energy consumption and high sampling frequency, and they are easy to deploy and operate compared to traditional

monitoring networks. Thus, low-cost PM sensors have been deployed in several communities to measure and report local air45

quality information (Jiao et al., 2016; PurpleAir, 2018).

Low-cost PM sensors are not suitable for regulatory purposes, however, because the data reported can be questionable in

terms of accuracy, precision, and reliability. In worst case scenarios, low-cost sensors report no meaningful data all. Because

manufacturers provide limited information on sensors’ performance, some studies have been conducted to evaluate the per-

formance of a variety of low-cost sensor models by comparing them with high-cost instruments in laboratory and outdoor50

ambient environments (Alvarado et al., 2015; Johnson et al., 2018; Wang et al., 2015; Holstius et al., 2014; Austin et al., 2015;

Gao et al., 2015; Kelly et al., 2017; Mukherjee et al., 2017; Sousan et al., 2016; Feinberg et al., 2018; Crilley et al., 2018;

Badura et al., 2018; Budde et al., 2018; Liu et al., 2019; Cavaliere et al., 2015; Kelly et al., 2017; Zheng et al., 2018). Most

sensors showed good performance under laboratory tests where the sensors measured, known concentrations of particles, such

as polystyrene latex, in a chamber. On the other hand, under ambient conditions, the performance of low cost sensors varied55

depending on the sensor model and its deployed location. Some PM sensor units have inconsistent precision between units of

the same model (Feenstra et al., 2019; Feinberg et al., 2018), while other PM monitors, including the PurpleAir PA-II, have

shown good precision (Barkjohn et al., 2020; Pawar and Sinha, 2020; Mailings et al., 2020). Field evaluations of PurpleAir

PA-II units colocated with FEM instruments for approximately two months shown good correlation with the FEM instruments
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(SCAQMD, 2017c). Furthermore, it was shown that PMS5003 sensors, which are used in PurpleAir PA-II monitors, have good60

a correlation with the FEM monitors (Kelly et al., 2017; Sayahi et al., 2019). However, the sensors still require calibration for

better performance before use in ambient conditions.

Several studies have developed calibration models for low-cost PM sensors based on the following approaches: simple

linear regression (Zheng et al., 2018), multiple linear regression (Zimmerman et al., 2018), random forest (Zimmerman et al.,

2018), and neural networks (Si et al., 2020). Moreover, to improve calibration performance, several studies have identified65

other factors in addition to PM2.5 concentration that can affect the performance of low-cost sensors. These typical factors

include temperature, relative humidity, and particle properties (composition and size distribution) (Holstius et al., 2014; Gao

et al., 2015; Kelly et al., 2017). In particular, some low-cost PM sensors have been shown to excessively overestimate PM2.5

concentrations under high relative humidity conditions (Jayaratne et al., 2018). The reason for this overestimation is that

some aerosols can uptake water via hygroscopy. To solve this problem, several correction models have been proposed, such70

as a correction model based on the κ-Köhler theory (Crilley et al., 2018, 2020), multiple linear regression (Barkjohn et al.,

2021; Nilson et al., 2022), and generalized additive model (Hua et al., 2021). Analysis of direct factors, such as temperature,

relative humidity, and particle composition, can enhance the performance of low-cost sensors. In addition to these direct

factors, we examine in this study the impact of secondary formation by precursor gases, particularly NO2, as a source of

PM2.5 emissions. This study aims to identify the significance of the precursor NO2 and evaluate its potential for improving75

the performance of low-cost PM2.5 sensors. To this end, we used a Multiple Linear Regression (MLR) model to evaluate the

effect of meteorological factors and NO2 on the performance of low-cost sensors compared to a BAM-1020 instrument. For

the evaluation, we performed a per-month analysis on hourly PM2.5 measurement data and considered the effect of several

feature vectors, that are a combination of temperature, relative humidity, and NO2. Based on the per-month analysis, we then

considered two machine learning methods, MLR and Random Forest (RF), for calibration models. The trained MLR and RF80

models were evaluated on the test set, and their performance was compared. From an implementable perspective on NO2 data,

we investigated the feasibility of using data from far NO2 regulatory instruments due to the questionable data quality of low-

cost NO2 sensors. The results of our study showed that incorporating far NO2, in addition to temperature and relative humidity,

into RF models yields lower errors than RF models that only include temperature and relative humidity.

2 Method85

2.1 PurpleAir PA-II Units

The PurpleAir PA-II Outdoor air quality monitor was developed for measuring particulate matter of various sizes. PA-II units

can measure various particulate matter as well as temperature, relative humidity, and barometric pressure. PurpleAir also devel-

oped a crowdsourcing platform to share publicly gathered PM measurements obtained from all PA units. From the PurpleAir

website (https://www.purpleair.com/map), we can observe and download data reported by all installed PA units.90

A PA-II unit includes two identical PMS 5003 sensors. The PMS 5003 sensors based on a light scattering principle measure

concentrations of PM1.0, PM2.5, and PM10 in real-time. By counting the number of particles per each diameter range that flows
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through a fan at a rate of 0.1L/min. Based on number of particles counted per diameter, each sensor estimates PM1.0, PM2.5,

and PM10 concentrations and then averages the concentrations every 80 s 1. The PA-II unit sends the averaged concentrations

obtained from two PMS sensors (A and B) to the PurpleAir server without storing the data in the unit itself. The PA-II unit95

does not calibrate the data, which implies it just collects the measured data.

The PurpleAir website provides the following information about all PA-II units via a JSON formated file: a name, a unique

ID, a latitude, a longitude, and an installation date. Each PA-II unit has two unique IDs for each of its PMS sensors A and B.

2.2 Air quality measurement data from EPA

Outdoor air quality data collected from across the US is publicly available through the U.S. Environmental Protection Agency100

(EPA) website (https://epa.gov/outdoor-air-quality-data). The EPA has a description file for monitors, which includes state

code, county code, site number, location (latitude and longitude), parameter code, parameter occurrence code (POC), and last

method. A combination of state code, county code, and site number can uniquely identify a monitoring site. For example, a

monitoring station located at Bakersfield, CA has a state code of 06, a county code of 029, and a site number of 0014. The

parameter code is an air quality system (AQS) code corresponding to the parameter measured by a monitor. For example,105

parameters regarding PM2.5 and NO2 are 88101 and 42602, respectively. A POC is used to identify an instrument among

multiple ones with the same parameter code at a site. For example, two FRM instruments with a parameter of 88101 at the

Bakersfield site are used to measure daily PM2.5 concentrations and are identified with POC 1 and 2. The last method descriptor

describes the measurement scheme used by the monitor for its most recent sample.

Hourly measurements of PM2.5, as well as other pollutants such as CO, NO2, SO2, and O3, obtained from FEM and non-110

FEM instruments can be downloaded via the EPA’s application programming interface (https://aqs.epa.gov/data/api). Daily

measurements of PM2.5 obtained from an FRM instrument are also available.

2.3 Selection of PA-II units and reference monitoring sites

To investigate the performance of a PA-II unit itself and evaluate its calibration, we focused on PA-II units that are installed

close to an EPA monitoring site (i.e. reference site) that provides reliable hourly PM2.5 concentrations. We use the location115

information of the PA-II units and reference monitors to find PA-II and reference monitor pairs that are located less than 100 m

from each other (Wallace et al. (2021)). Among the identified pairs, we selected a monitoring site that has multiple PA-II units

as pairs and can measure other pollutants such as NO2 on an hourly basis.

2.4 Data Preprocessing of PA-II units

The PA-II units selected for study are long-term installations, i.e., they have been in operation for more than two years.120

Therefore, data from the unit’s PM sensors may be abnormal due to failure and aging drift, data quality control is required

before calibrating the PA-II sensors.

1After May 30, 2019, the averaging time is changed from 80 s to 120 s.
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In this study, we used a correlation method to identify PA-II units with abnormal operations. Under normal operation, a

PA-II unit’s two PM sensors, A and B, are highly correlated since they are colocated in the same unit and have good precision.

The correlation of sensors A and B in selected PA-II units was calculated based on the hourly PM2.5 measurement data from125

each sensor without any data quality control. PA-II units that had a correlation larger than 0.99 between sensors A and B

were selected, and a quality control (QC) measure developed by U.S. EAP for obtaining daily PM2.5 was performed. The

QC measure has been shown to be important for developing correction models of PA-II units (Barkjohn et al. (2021)). The

QC measure has the following 3 steps: i) data from both channels A and B was removed when either channel A or B had

a missing value, ii) data with abnormal temperature or relative humidity values was removed, and iii) data from channels A130

and B were compared. In the first step, when we calculate 1-hour averages of PM2.5 measurement generated with 2 min (80

sec) intervals, we remove 1-hour average data if the number of PM2.5 measurements is less than 27 (40). After calculating

1-hour average data, we removed all data points for the 1-hour interval, where either sensor A or B had a missing value. The

second step deals with temperature and RH data. PA-II units occasionally report extremely high or low values of temperature

and relative humidity that are inaccurate. Therefore, we removed the data points whose corresponding time interval contained135

unrealistic measurement of temperature or relative humidity. In this study, the acceptable ranges of temperature and RH are (0
◦F, 140 ◦F) and (0%, 100%), respectively. Once the unacceptable data points were removed, we calculated the 1-hour average

for temperature and RH. The last step was to compare results sensors A and B in a PA unit to check data consistency. To do

this, we used symmetric percentage error (SPE) as follows:

SPE =
2(|PMA

2.5| − |PMB
2.5|)

|PMA
2.5 +PMB

2.5|
, (1)140

where PMA
2.5 and PMB

2.5 are hourly averaged PM2.5 concentrations from sensors A and B in the same PA-II unit, respectively.

We removed the relevant data points with SPE larger than 0.61, which is 2 standard deviation. This value of SPE threshold

has been used for 24-hr average PM2.5 concentrations (Barkjohn et al. (2021)), but we use it here for 1-hour averaged PM2.5

concentrations.

2.5 Calibration Methods145

Two calibration methods, multiple linear regression (MLR) and random forest (RF), were evaluated. For both calibration

methods, we considered various features, including PM2.5 measured from a PA-II unit, temperature, relative humidity, NO2,

and their multiplicative interaction terms.

2.5.1 Multiple Linear Regression (MLR)

An MLR method can be expressed as follows:150

ŷ = β0 +β1x1 + · · ·+βnxn, (2)
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where ŷ represents a response, n is the number of predictor variables, βi for i= 0,1, . . . ,n are regression coefficients, and xi for

i= 1,2, . . . ,n represent predictor variables (called features). Using a linear equation with multiple variables, we investigated

the relationship between features and a response.

All features in an MLR method should be independent. However, many studies have considered PM2.5, temperature, and RH,155

which are not independent (Magi et al. (2019); Mailings et al. (2020)). Some studies have introduced multiplicative interaction

terms (i.e., PM2.5×RH) to exploit interdependence between features (Barkjohn et al. (2021)). We also consider multiplicative

interaction terms in this study.

We use PM2.5 concentrations obtained from a reference monitor as the response. As predictor variables, we consider multiple

features, such as PM2.5 measurement data from a PA-II unit, temperature, relative humidity, NO2, and their multiplicative160

interaction terms (i.e., PM2.5×RH, T×RH, PM2.5×RH×T).

2.5.2 Random Forecast (RF)

An RF is an ensemble of K regression trees. Each regression tree is trained with a bootstrap sample of an original training

dataset. The output of an RF is the aggregation of regression trees, i.e., averaging estimates over all trees. Each regression

tree is grown by selecting random m features among M input features at each possible split. The best cut is calculated at the165

randomly chosen features. Optimal cuts can be achieved using the Classification and Regression Trees split criterion (CART),

which compares the variance of the uncut node and one of all possible cuts along m directions. Every tree is fully grown with

these splits (Breiman, 2001).

3 Results and Discussions

3.1 Selection of PA-II units and reference monitoring sites170

We found one reference monitoring site at Rubidoux, CA whose pair has 14 PA-II units. The monitoring site is identified by

a state code of 06, a county code of 065, and a site number of 8001 (i.e., 06-065-8001). This monitoring site is located in an

urban residential area within the south coast air basin at an elevation of 248 m. Air pollutants from the Los Angeles and coastal

areas are transported to this air basin, which is known to have poor ventilation and may experience air stagnation during the

early evening and early morning periods. Local air pollution includes NOx from diesel trucks, since the city of Jurupa Valley,175

which includes the community of Rubidoux, is a main transportation corridor for diesel trucks serving three air cargo terminals

and the ports of Los Angeles and Long Beach.

The monitoring site has an FRM method instrument and a BAM-1020 instrument with the parameter of 88502, which

produces hourly PM2.5 measurement data. Table 1 describes information about the 14 PA-II units, such as their IDs, location

(latitude and longitude), sensor name, start time of measurement, end time of measurement, and non-operating months2. While180

we present the ID for only PMS sensor A of each PA-II unit, the ID of PMS sensor B is the ID of PMS sensor A plus 1. The

2We define non-operating month as the month, when the number of days without the measurement data is larger than 10 days.
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geographic information on 14 PA-II units and the monitoring site is shown in Figure S1. Distances between PA-II units and the

monitoring site are shown in Table S1. The minimum and maximum distance between a PA-II unit and the monitoring site is

less than 10 m and 100 m, respectively.

Based on the non-operating months of the PA-II units found, we selected an appropriate period of sample data from Jan.185

2018 to Dec. 2019 (24 months). Among the 14 identified PA-II units, we chose several that had more than 23 months of valid

measurement data during the period selected for study. The selected units are RIVR_Co-loc2, 3, 6, 7, and 8, which we call

PA-II 2, 3, 6, 7, and 8, respectively.

Before using PM2.5 data from the PA-II units, we checked the unit’s data quality. We first calculated the correlation among

the selected PA-II units, considering both PMS 5003 sensors for each PA-II unit for the correlation analysis. Since these PA-II190

units are closely located, PM2.5 data should be highly correlated. Figure 1 shows the correlation results for all PMS 5003

sensors included in the PA-II units. The numbers on each axis represent the number of the selected PA-II units. Boxes to the

left and right of each number indicate PMS sensors A and B for its corresponding PA-II unit, respectively. The PMS sensor A

of PA-II unit 2, PMS sensors A and B of PA-II unit 5, and PMS sensor A of PA-II unit 6 all have a poor correlation with other

PMS sensors. In addition, sensor A of PA-II unit 3 has slightly poor correlation with other sensors. Based on these results, we195

selected PA-II unit 7 for application of the QC measure.

3.2 Daily PM2.5 Measurement Data

We collected daily PM2.5 measurement data for 2018 and 2019 from an FRM method instrument at Rubidoux, CA. During

that two-year period, the daily PM2.5 levels ranged from a minimum value of 1.2 µg/m3 to a maximum value of 66.3 µg/m3,

with an average of 11.69 µg/m3 and a standard deviation of 6.88 µg/m3. Using Met-One BAM-1020 W/SCC, daily PM2.5200

concentrations were calculated by averaging 1-hour PM2.5 concentrations over 24 hours from 2018 to 2019. The maximum

and minimum values of daily PM2.5 concentrations were 68.3 and 0 µg/m3, respectively, and the mean and standard deviation

were 12.13 and 9.16 µg/m3, respectively. These data suggest that the non-FEM method compares well to the statistics achieved

with the FRM method.

The maximum, minimum, mean, and standard deviation values for daily PM2.5 concentrations of the PA-II 7 unit were205

129.069, 0.199, 18.247, and 13.854, respectively. Compared to the FRM and BAM-1020 instruments, the PA-II 7 unit over-

estimates the maximum daily PM2.5 concentrations. Additionally, the mean daily PM2.5 concentration from the PA-II 7 unit

was higher than that of the FRM and BAM-1020 instruments.

In this study, we examined the root mean square error (RMSE), mean squared error (MSE), mean absolute error (MAE), and

Pearson correlation coefficient r between the FRM instrument and the PA-II units for daily PM2.5 data. These performance210
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metrics are expressed as follows:

RMSE =

√√√√ 1
n

n∑

i=1

(xi− yi)2, (3)

MSE =
1
n

n∑

i=1

(xi− yi)2, (4)

MAE =
1
n

n∑

i=1

|xi− yi|, (5)

where xi represents 1-hour averaged (24-hour period) sensor PM2.5 concentrations for the ith hour (day) (µg/m3), yi represents215

1-hour averaged (24-hour period) FRM or BAM-1020 PM2.5 concentrations for the ith hour (day) (µg/m3), and n is the number

of data points. We matched the working period of the FRM instrument with that of the PA-II unit and then computed the above

four performance metrics. The MSE, RMSE, MAE, and r for the selected PA-II unit are 102.565, 10.127, 7.156, and 0.928,

respectively. These results show that the PA-II unit has a good correlation (r) with the FRM instrument for the two-year period

of interest. However, a comparison of metrics from the FRM instrument and the BAM-1020 instrument did not correlate as220

favorably. When we evaluate the performance of the BAM-1020 against the FRM instrument, the BAM-1020 has MSE of

5.199 µg/m3, RMSE of 2.280 µg/m3, MAE of 1.685 µg/m3, and r of 0.947.

The BAM-1020 instrument showed similar statistical results to that of the FRM method instrument. However, the measure-

ments are not enough to evaluate how similar the performance of the BAM-1020 is to that of the FRM instrument. Hence, this

study compared the performance of two instruments using a linear fitting scheme. Figure 2 shows the calibration performance225

using linear regression. The R2, slope, and intercept are 0.896, 0.923, and 0.741, respectively. Also, the value of RMSE is

2.211. The BAM-1020 is close to an instrument with the parameter of 88101. In order for the BAM-1020 to attain the 88101

code in terms of performance, the following conditions must be satisfied: R2 is larger than 0.9, a slope is larger than 0.9

and less than 1.1, and an absolute value of the intercept is less than 2.0. Slope and intercept are satisfied with the requirement,

whileR2 is not. Nonetheless, the BAM-1020 instrument provides an acceptable level of performance to evaluate the calibration230

performance of PA-II units on an hourly basis.

3.3 Hourly PM2.5 Measurement Data

Next, we compared the hourly PM2.5 data of the PA-II unit with that of the BAM-1020 instrument over the course of the same

two-year period. The maximum, minimum, mean, and standard deviation values for hourly PM2.5 concentration measurements

of the BAM-1020 were 159.0, 0.0, 12.172, and 9.230 µg/m3, respectively. The maximum, minimum, mean, and standard235

deviations values for hourly PM2.5 of the selected PA-II unit were 263.062, 0.019, 18.367, and 17.610 µg/m3, respectively.

The PA-II unit’s maximum hourly PM2.5 measurement was almost twice that of the BAM-1020. In other words, the PA-II

unit overestimates hourly PM2.5 concentrations. Figure 3 shows the comparison of PM2.5 measurement data obtained from

the BAM-1020 and the selected PA-II 7 unit, as well as temperature and relative humidity measured from the selected PA-II

7 unit during winter season (from Dec. 2018 to Feb. 2019). The PA-II 7 unit showed a similar trend of PM2.5 concentration240
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measurements to that of the BAM-1020 instrument, but it generally overestimated PM2.5 concentrations more often than the

BAM-1020.

In addition, we compared the hourly PM2.5 concentrations of the PA-II unit with that of the BAM-1020 instrument in terms

of RMSE, MSE, MAE, and r. The results are as follows: RMSE of 6.194 µg/m3, MSE of 38.369 µg/m3, MAE of 7.919

µg/m3, and r of 0.876 µg/m3. The PA-II unit had a good correlation with the BAM-1020 instrument based on r. However,245

other metrics, such as RMSE, MSE, and MAE, did not correlate well.

3.4 Per-month Analysis on Hourly PM2.5 Measurement Data

We conducted a per-month analysis to evaluate the monthly performance based on hourly PM2.5 data from the PA-II 7 unit

compared to the BAM-1020 instrument. We did a linear fitting for the per-month analysis over two years. In other words,

ordinary linear regression was applied to hourly PM2.5 measurement data for each month. Table 2 shows the value of R2,250

RMSE, and MAE of hourly PM2.5 measurement data from the PA-II 7 unit compared to that of the BAM-1020 instrument

and the corresponding slope and intercept of each optimal linear fitting. During the months of Nov., Dec., and Jan., the PA-II

unit is shown to have a high correlation, R2 of 0.813 to 0.936, with the BAM-1020 instrument. This result is supported by the

field evaluation of PA-II units taken by the Air Quality Sensor Performance Evaluation Center (AQ-SPEC) during the period

of Dec. 2016 - Jan. 2017, which showed the value of R2 as being 0.868 to 0.921 when the PA-II units were compared with the255

FEM. (Sayahi et al., 2019) showed that PMS sensors have a high correlation with tapered element oscillating microbalances

(TEOM) instruments during the winter season by providing R2 of 0.866 to 0.892. That is, the hourly PM2.5 measurement

data from PA-II units seem to be highly correlated with that of FEM instruments during the months of November, December,

and January, which implies the PM2.5 measurement performance of PA-II is reliable, especially during winter seasons. These

months have different slopes and intercepts; for example, Jan. 2018 has a slope of 0.502 and an intercept of 3.898, while Jan.260

2019 has 0.397 and 1.961, respectively.

On the other hand, the PA-II 7 unit has a correlation lower than 0.6 for months of Jul. and Sep. 2018 as well as Aug., Sep.,

and Oct. 2019. These months, except Sep. 2019, have larger RMSE values compared to other months over the two-year period,

which need to be calibrated.

3.5 Effect of Temperature, Relative Humidity, and NO2265

In the per-month analysis of PA-II units compared to the BAM-1020 instrument, non-winter seasons showed low correlations.

In previous studies, temperature and relative humidity have been considered as key factors for effective calibration. In partic-

ular, relative humidity has been shown to affect low-cost PM sensors under high relative humidity conditions. Therefore, we

investigated the effect of temperature and relative humidity on the fitting performance of PA-II units. In addition to tempera-

ture and relative humidity, we considered another factor, NO2, which is known to be a precursor to the creation of PM2.5 via270

chemical reactions in the atmosphere. NO2 may indirectly affect PM2.5 concentrations, some papers have considered NO2

in calibration models (Hua et al., 2021). Thus, we investigated the possibility of improving the calibration performance of

low-cost PM sensors by including NO2 as a new feature.
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For multiple features, such as temperature, relative humidity, and NO2, we used an MLR approach for regression analysis of

PA-II units compared to the BAM-1020 instrument. A per-month analysis was conducted based on hourly PM2.5 measurements275

from the PA-II 7 unit under several feature vectors, such as (PM2.5), (PM2.5, T), (PM2.5, RH), (PM2.5, NO2), (PM2.5, T, RH),

and (PM2.5, T, NO2), where T and RH represent temperature and relative humidity, respectively. For notational simplicity, we

defined the above feature vectors (PM2.5), (PM2.5, T), (PM2.5, RH), (PM2.5, NO2), (PM2.5, T, RH), and (PM2.5, T, NO2) as 1,

2, 3, 4, 5, and 6, respectively. Figure 4 shows the R2 and RMSE results of multiple linear regression for selected months with

the above varying feature vectors. We considered feature vector 1 as a baseline for comparison among other feature vectors.280

On Jan. 2018, feature vector 5, referring to temperature and relative humidity, had little effect on regression performance of

R2 and RMSE. The amount of R2 increase by feature vector 5 from the baseline was around 0.001, and the amount of RMSE

decrease was 0.038 µg/m3. In the case of feature vector 6, including NO2 instead of RH, R2 increased from the baseline by

0.015, while RMSE was improved by 0.518 µg/m3. Similarly, for Apr. 2018, R2 (or RMSE) for feature vector 5 increased (or

decreased) by 0.01 (or 0.072 µg/m3) compared to its baseline.R2 and RMSE for feature vector 6 increase by 0.05 and decrease285

by 0.52 µg/m3 from the baseline, respectively. For regressions on Aug. and Sep. 2019, an increase in R2 was larger than 0.17

when feature vector 6 was considered, but it was less than 0.07 when feature vector 5 was considered. These remarkable

results suggest that NO2 is generally a key factor shown to be able to improve performance of PA-II units over an entire year,

even though the enhanced performance for some months does not meet the same measurement data quality as the reference

monitoring sites.290

3.6 Calibration Performance

A per-month analysis with a combination of features, including T, RH, and NO2, showed an effect on calibration for the PA-II

unit. It is not simple to apply the per-month linear fitting result to calibrate PA-II units because month has a different slope and

intercept defined for the linear fitting. Moreover, their values change according to year even for the same month. For example,

notably, the linear fitting result in Apr. 2018 exhibited a higher RMSE than the fitting result in Apr. 2019. On the contrary, the295

calibration performance in Aug. 2018 was worse than that in Aug. 2019.

We used a machine learning approach to develop a calibration model, employing two machine learning algorithms, such

as MLR and RF. The two-year dataset was divided into training and test sets at a 1:1 ratio, meaning the measurement data in

the years 2018 and 2019 were used for training and testing, respectively. We used the training set to learn calibration models

based on MLR and RF, and then used the test set to evaluate the calibration performance in terms of RMSE, MAE, and R2.300

A calibration performance for the PA-II 7 unit using MLR and RF methods was compared with several features, including

temperature, relative humidity, and NO2, as well as their multiplicative terms.

3.6.1 Calibration by MLR

Recently, calibration methods have employed multiplicative interaction terms, such as PM2.5×RH and T×RH. In our MLR

models, we considered both additive and multiplicative interaction terms. The additive terms in our models include raw Pur-305

pleAir PM2.5, T, RH, and NO2. We considered multiplicative interaction terms that involve less than four additive terms when
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NO2 was not included (i.e., we consider PM2.5×T×RH), and less than three additive terms when NO2 is included. There are

95 combinations of features. Out of 95 combinations tested, only 43 combinations had a p-value of less than 0.05. Of those, we

select 20 combinations, among 43 combinations, by increasing the number of additive terms and the number of multiplicative

interaction terms and identifying the combinations with the lowest RMSE among the same numbers of additive terms and mul-310

tiplicative interaction terms. The selected combinations were as follows: 1) PM2.5, 2) PM2.5 and T, 3) PM2.5 and RH, 4) PM2.5,

RH, and PM2.5×RH, 5) PM2.5, T, and RH, 6) PM2.5, T, RH, and PM2.5×RH, 7) PM2.5, T, RH, PM2.5×T, and PM2.5×RH, 8)

PM2.5, T, RH, PM2.5×T, PM2.5×RH, and T×RH, 9) PM2.5, T, RH, PM2.5×T, PM2.5×RH, T×RH, and PM2.5×T×RH, 10)

PM2.5 and NO2, 11) PM2.5, NO2, and PM2.5×NO2, 12) PM2.5, T, and NO2, 13) PM2.5, T, NO2, and PM2.5×NO2, 14) PM2.5,

T, NO2, PM2.5×T, and PM2.5×NO2, 15) PM2.5, T, NO2, PM2.5×T, PM2.5×NO2, and T×NO2, 16) PM2.5, T, RH, NO2, and315

PM2.5×RH, 17) PM2.5, T, RH, NO2, PM2.5×RH, and PM2.5×NO2, 18) PM2.5, T, RH, NO2, PM2.5×RH, PM2.5×NO2, and

T×NO2, 19) PM2.5, T, RH, NO2, PM2.5×T, PM2.5×RH, T×RH, and RH×NO2, and 20) PM2.5, T, RH, NO2, PM2.5×T,

PM2.5×RH, T×RH, T×NO2, and RH×NO2.

The calibration results of the PA-II 7 unit for test datasets using the MLR method with 20 selected combinations are presented

in Table 3. Multicollinearity is a known issue with MLR models, as it can cause instability. One common method to diagnose320

this issue is to use the variance inflation factor (VIF) test for multicollinearity (Mansfield and Helms , 1982). Out of the 20

combinations tested, most VIF values were less than 5, indicating the absence of collinearity issues.

When a single additive term, such as T or RH, was applied, the RMSE values for two combinations, #2 and #3, improved by

more than 0.22 µg/m3, compared to considering only PM2.5. The inclusion of an additive RH term in an MLR yielded a lower

error than an additive T term did, since both RMSE and MAE for combination #3 were less than those for combination #2. The325

MLR model with PM2.5, the single additive term with RH, and its multiplicative interaction term with PM2.5 yielded higher

RMSE and MAE than the MLR model using PM2.5 and two meteorological variables, such as T and RH, as demonstrated by

the results of combinations #4 and #5. When we considered two meteorological variables and incorporated four multiplicative

interaction terms, such as PM2.5×T, PM2.5×RH, T×RH, and PM2.5×T×RH, the MLR model resulted in the lowest error with

an RMSE of 4.171 and an MAE of 3.048, compared to all combinations generated from PM2.5, T, RH, and their multiplicative330

terms.

The MLR model of combination #10 with PM2.5 and NO2 had an RMSE of 4.445, which was lower than that of the

MLR model with only PM2.5, whose RMSE was 4.534, but larger than that of combination #2 with a single environmental

variable and an RMSE of 4.306. This implies that the addition of a single multiplicative term in that model has no performance

enhancement. However, when the additive term T is incorporated into an MLR model with PM2.5 and NO2, an RMSE of335

3.992 can be achieved, which is lower than the values of all combination cases, not including NO2, i.e., combinations #1 to #9.

Coefficients of PM2.5, T, and NO2 in the MLR model, including T and NO2, were around 0.446, 0.110, and 0.112, respectively.

The temperature had more impact on error than relative humidity when considering NO2. Considering both temperature and

relative humidity together with NO2 may cause a non-zero correlation of relative humidity with other factors due to a p-

value of 0.083. When some multiplicative terms were additionally integrated into T, RH, and NO2, the MLR calibration340

models passed a p-value test. The model based on combination #20 with four additive terms, i.e., PM2.5, T, RH, and NO2, and
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multiplicative interaction terms, including PM2.5×T, PM2.5×RH, T×RH, T×NO2, and RH×NO2, achieved the lowest RMSE

of 3.938. Considering multiplicative terms with T and RH had little effect on calibration performance as shown in the results of

combinations #15, #19, and #20. From these results, we conclude that considering NO2 together with meteorological variables

and their multiplicative terms or a single variable, such as temperature, can improve the calibration performance of PA-II units.345

3.6.2 Calibration by RF

This study validated performance of RF-based calibration for PA-II units with 95 combinations of predictor variables mentioned

in the previous subsection. An RF was implemented using the scikit-learn package in Python. An RF has several hyperparam-

eters, such as n_estimators, max_depth, min_samples_leaf, and max_features, that need to be set for the best performance

over each combination of features. For this study, the hyperparameters were tuned with a random search method by 5-fold350

cross-validation based on the training set. For a random search, the number of trees (n_estimators) was set to 10, 20, 50, 100,

200, and 400. The range of max_depth was set to 2, 4, 6, 8, 10, 16, and None. The range of min_samples_leaf was set to 1, 2,

3, 4, and 5. The range of min_samples_split was set to 2, 3, 5, 7, and 10. The range of max_features was set to None.

We selected 22 combinations according to the above mentioned method. The selected combinations were as follows: 1)

PM2.5, 2) PM2.5 and T, 3) PM2.5 and RH, 4) PM2.5, RH, and PM2.5×RH, 5) PM2.5, T, and RH, 6) PM2.5, T, RH, and355

PM2.5×T, 7) PM2.5, T, RH, PM2.5×T, and T×RH, 8) PM2.5, T, RH, PM2.5×T, PM2.5×RH, and T×RH, 9) PM2.5, T, RH,

PM2.5×T, PM2.5×RH, T×RH, and PM2.5×T×RH, 10) PM2.5 and NO2, 11) PM2.5, NO2, and PM2.5×NO2, 12) PM2.5,

RH, and NO2, 13) PM2.5, T, NO2, and T×NO2, 14) PM2.5, RH, NO2, PM2.5×RH, and RH×NO2, 15) PM2.5, T, NO2,

PM2.5×T, PM2.5×NO2, and T×NO2, 16) PM2.5, T, RH, and NO2, 17) PM2.5, T, RH, NO2, and T×RH, 18) PM2.5, T, RH,

NO2, PM2.5×RH, and PM2.5×NO2, 19) PM2.5, T, RH, NO2, PM2.5×RH, PM2.5×NO2, and T×RH, 20) PM2.5, T, RH,360

NO2, PM2.5×NO2, T×RH, T×NO2, and RH×NO2, 21) PM2.5, T, RH, NO2, PM2.5×T, PM2.5×RH, PM2.5×NO2, T×NO2,

and RH×NO2, and 22) PM2.5, T, RH, NO2, PM2.5×T, PM2.5×RH, PM2.5×NO2, T×RH, T×NO2, and RH×NO2. Table 4

summarizes calibration results, including R2, RMSE, and MAE of test sets for PA-II units using the RF method with the

selected combinations of features.

Like the MLR method, the RF method showed better performance on the training set than on the test set. Some combinations365

had larger RMSE differences than 0.6 between training and test sets, while others have differences smaller than 0.4. We note that

some combinations with multiplicative terms showed significant RMSE differences between two datasets, which might have

occurred because of overfitting the training dataset. Nonetheless, the RF models with the other combinations had lower RMSE

than the model using only PM2.5. Considering a single environmental variable together with PM2.5 improved the calibration

performance in terms of values of RMSE and MAE compared to the RF model with only PM2.5. Specifically, RH had more370

significant impact on the performance enhancement of the RF calibration model than T as seen in the results of combinations

#2 and #3. Including the additional multiplicative term of PM2.5×RH had an insignificant effect on RMSE compared to the

RF model with PM2.5 and RH. Both meteorological variables together, i.e., combination #5, yielded lower RMSE compared

to the RF model with PM2.5 and RH, i.e., combination #3, but the improvement was insignificant. In contrast to MLR models,

more than one multiplicative term, i.e., combinations #6 to #9, bring about worse RMSE compared to considering a single375
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meteorological variable. When we analyze calibration methods without NO2, the RF model with PM2.5, T, and RH improved

RMSE by 0.135 µg/m3, compared to the best MLR model.

Utilizing NO2 on RF models had different effects on calibration performance, depending on the combinations of predictor

variables. The RF model of combination #10 with the additional NO2 term resulted in an RMSE of 4.461, which was little

improvement compared to combination #1 with only PM2.5 and an RMSE of 4.472. The RF model with PM2.5 and NO2 had380

a larger RMSE than the MLR model with the same features, but the difference was not significant, it did not show enough

performance improvement to warrant adding the multiplicative term of PM2.5×NO2 from combination #10. Adding single or

two meteorological variables to RF models of combinations #12 and #16 lead to remarkable performance enhancement over

combination #10, with RH, RMSE decreasing by 0.443 µg/m3. Furthermore, RMSE dropped an additional 0.106 µg/m3 when

T was added as an additional feature. The combinations consisting of one or more multiplicative interaction terms resulted in385

either an insignificant improvement or a slight decline in the performance in terms of RMSE and MAE when compared with

combination #16 consisting of PM2.5, T, RH, and NO2. In other words, there is no need to consider multiplicative interaction

terms when we use the RF model, because there is no outstanding performance improvement.

As with the MLR method, it was shown that including NO2 as a consideration in RF methods can improve calibration

performance. Moreover, by integrating two additional variables, such as T and RH, even better calibration performance can be390

achieved.

The RF method was shown to have a better performance than the MLR method when NO2 was not considered. From the

viewpoint of RMSE, the best performance from MLR and RF methods was 4.171 and 4.036, respectively. However, when we

consider NO2, the best MLR model is not significantly different from the best RF model. For instance, the RMSE values from

the best MLR and RF models were 3.938 and 3.906, respectively. Their corresponding R2 values did not differ meaningfully.395

Nonetheless, the MAE of 2.789 achieved from the best MLR is lower than that achieved by the best RF (i.e., 2.863). From

these results, we conclude that better calibration can be obtained by considering NO2 additionally. Furthermore, when NO2 is

considered, the MLR model can enhance calibration performance without the need for an RF model.

3.6.3 Effect of Far NO2 on Calibration Performance

In the previous subsections, it was demonstrated that including NO2 as a consideration can effectively improve the calibration400

performance of PA-II units. However, it is not always feasible to have an NO2 instrument with high accuracy colocated with a

low-cost PM sensor. Instead, an alternative approach is to colocate a low-cost NO2 sensor with a PA-II unit, but this approach

is hindered by the unreliability of NO2 sensors. To address this issue, we investigated the usefulness of using data from far

NO2 instruments installed with PA-II units for the calibration algorithm.

We selected two monitoring sites that measure NO2 near the Rubidoux site. Two monitoring sites identified were 06-065-405

8005 and 06-071-0027. The distances between the two monitoring sites and the Rubidoux site are 7.05 and 18.87 km, respec-

tively. The correlations of NO2 measurements obtained from the Rubidoux site with that of 06-065-8005 and 06-071-0027

were 0.895 and 0.621, respectively. The 06-065-8005 site had NO2 measurements that highly correlated with the Rubidoux

site, while the 06-071-0027 measurements were only moderately correlated.
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To evaluate the usefulness of measurements of far NO2 on the calibration of a low-cost PM sensor, we used NO2 data410

measured from monitoring sites near to the PA-II 7 unit as the test dataset rather than data from the Rubidoux site colocated

with it. In other words, we used NO2 data for training a calibration model and used the NO2 data measured from sites 06-065-

8005 and 06-071-0027 for testing it.

Table 5 shows calibration performance using MLR and RF methods with NO2 collected from the air quality monitoring

sites near the PA-II unit. In the case of MLR methods used with 06-065-8005 data, the difference in RMSE between NO2 data415

obtained from a colocated NO2 instrument, called colocated NO2, and a distant NO2 instrument, called distant NO2, was less

than 0.05 µgm3 for every selected combination defined in previous two subsections for the MLR and RF methods. All MLR

models using distant NO2, except combinations #10 and #11, yielded lower errors than all MLR models without NO2 as shown

in Table 3. For example, the worst RMSE of the MLR methods using distant NO2 data (except combinations #10 and #11)

was 4.051 µgm3, while the best RMSE without NO2 was 4.171 µgm3. Like RMSE, other metrics, such as R2 and MAE, also420

showed a calibration performance enhancement for these combinations with distant NO2.

When we used an MLR algorithm with NO2 data, the result of the calibration performance for the monitoring site 06-071-

0027 showed a new aspect from that of 06-065-8005. All MLR methods using far NO2 data from site 06-071-0027 had a higher

RMSE than was achieved with the MLR algorithm based on combination #1 without referring NO2 data from the colocated

Rubidoux instrument, which had an RMSE of 4.534. This result can be explained by comparing correlation of NO2 measured425

from the Rubidoux site with measurements from site 06-065-8005 as well as site 06-071-0027. The NO2 correlation between

Rubidoux measurements and site 06-065-8005 was 0.895, while the correlation with site 06-071-0027 was 0.621. These results

shows that 06-065-8005 data is much more correlated with the Rubidoux site in terms of NO2.

In the case of RF models, the use of the distant NO2 data from site 06-065-8005 increased RMSE compared to using

colocated NO2 data, but not significantly, since the maximum gap was just 0.051 µgm3. Similar to the MLR method, all RF430

models referring to distant NO2 from site 06-065-8005, except combinations #10 and #11, resulted in a better calibration

performance than was seen in combination #1 without NO2 which had an RMSE of 4.472 shown in Table 4. Other metrics,

such as R2 and MAE, also showed a calibration performance improvement. In the case of RF models using data from site

06-071-0027, calibration performance for each combination was degraded compared to the corresponding combination using

colocated NO2, which had similar results of the MLR model. As we explained previously, the higher the correlation of NO2435

measurements from the Rubidoux site with measurements from sites 06-065-8005 and 06-071-0027, the better the calibration

performance of the RF model; that is, all combinations with far NO2 from 06-065-8005 provide a lower RMSE than those from

06-071-0027. Moreover, when we consider 06-065-8005 having a high correlation of NO2 with the expensive NO2 instrument

colocated with the PA-II 7 unit, the best RMSE for all combinations using the RF model is slightly lower than that based on

the MLR method.440

In the case of 06-065-8005, RF models using distant NO2 resulted in lower, but insignificant, RMSE values, compared to

MLR models using distant NO2. From these results, we draw the conclusion that the use of NO2 collected from distant instru-

ments with a high correlation with a colocated NO2 site of PA-II units can improve the PA-II unit’s calibration performance.
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Furthermore, both MLR and RF models can be good calibration models when distant NO2 is considered. This is different from

the conclusion that calibration performance of RF models is better than MLR models (Zimmerman et al., 2018).445

4 Conclusions

As factors directly affecting the performance of low-cost PM sensors, temperature, relative humidity, and particle composition

have been scrutinized. In addition to these direct factors, this study investigated whether NO2, which is a precursor that creates

PM2.5 by chemical reactions in the atmosphere, has the potential to improve the performance of low-cost PM2.5 sensors. To

this end, we used the PurpleAir PA-II unit, which contains two Plantower PMS 5003 sensors, as a low-cost PM2.5 sensor.450

The PA-II units need to be typically installed close to reference monitoring sites measuring PM2.5 concentrations and other

pollutants, such as NO2, in order to analyze their calibration. We identified a EPA-certified monitoring instrument whose

deployed location is within close proximity to the installed location of 14 PA-II units, which satisfied the condition for co-

location with a reference monitoring site. The monitoring site is located in Rubidoux, CA, USA. A study period of two years,

i.e., from Jan. 2018 to Dec. 2019, was selected to include all seasons. A single unit among 14 PA-II units was selected based455

on the availability of 23 months or more of measurement data from each PA-II unit, as well as its low intra-model variability

through correlation analysis.

The selected PA-II unit was compared to FRM and BAM-1020 instruments based on daily and hourly PM2.5 measurements.

A comparison of the BAM-1020 instrument with the FRM instrument was also conducted on a daily PM2.5 measurement basis

to evaluate the performance of the BAM-1020. The BAM-1020 instrument had a slope of 0.923, an intercept of 0.741, and460

a R2 of 0.896 against the FRM instrument, which implies it provides acceptable performance as a reference monitor for the

calibration of low-cost PM2.5 sensors. For a PA-II unit, the Pearson correlation coefficient against the BAM-1020 instrument

was shown to be 0.928 on an hourly basis. The per-month analysis was conducted on hourly PM2.5 measurements of the PA-II

unit against the BAM-1020. Results showed the PA-II unit has a good correlation during the winter season, i.e., Nov., Dec.,

and Jan., with an R2 value between 0.819 and 0.906, but a lower correlation during other months. The performance of the465

PA-II units was not notably affected by temperature or relative humidity (RH) during the winter months. Temperature and/or

RH were found to improve R2 during June and July 2018, but this effect in 2019 was not the same as in 2018.

A per-month analysis showed that NO2 is a key factor that increased the value of R2 during Sep. 2018, and Aug. and

Sep. 2019. The effect of the addition of NO2 for calibration of PA-II units was much larger when RH and temperature were

considered together. In particular, NO2 was shown to have more effect during months when the performance of PA-II units is470

moderate. It is expected that NO2 can be used to improve the performance of low-cost PM2.5 sensors, but the effect of NO2

should be further investigated for various ambient conditions.

Two methods for calibrating PA-II units, the Multiple Linear Regression (MLR) and Random Forest (RF), were evaluated

on a test set of one year of data. We considered additive and multiplicative terms in two calibration methods. The RF method

yielded better performance than the MLR method because it provides a larger R2 as well as smaller RMSE, and MAE when475

NO2, called colocated NO2, measured from the colocated monitoring site was not used for calibration. However, when colo-
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cated NO2 is considered, MLR models showed similar performance to RF models. When several features, such as PM2.5,

temperature, RH, NO2, and their multiplicative terms, are considered together to calibrate PM2.5 measurement data using

the MLR method, the calibration performance was shown to increase remarkably compared to cases where only PM2.5 are

considered. For instance, the RMSE value decreased from 4.534 µg/m3 to 3.938 µg/m3. In RF models with colocated NO2,480

inclusion of temperature and RH improved R2, RMSE, and MAE by an increase of 0.013, a decrease of 0.125, and 0.094

µg/m3, respectively, compared to the best RF models without NO2. Contrary to the MLR model, multiplicative interaction

terms do not affect calibration performance with a certain direction, compared to those without NO2; some combinations of

features provide slight enhancement, while the others cause worse performance.

We showed that NO2 data could improve calibration performance in both MLR and RF models. The NO2 data we referred485

to was measured from an expensive reference monitor and is very reliable. However, it is not always feasible to have an NO2

instrument with high accuracy colocated with a low-cost PM sensor. An alternatives is to use low-cost NO2 sensors. However,

their performance remains questionable. To solve this issue, we investigated the effectiveness of using NO2 measurements

collected from distant reliable NO2 monitoring sites, called distant NO2, whose location is not that far from a low-cost PM2.5

sensor. It was demonstrated that distant NO2 is effective for calibration models based on the MLR and RF algorithms when490

distant NO2 has a high correlation with collocated NO2. Furthermore, we showed that MLR method can achieve a similar

calibration performance to the RF method when reliable distant NO2 is considered.
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Table 1. Information about 14 PA-II units, such as their ID, location (latitude and longitude), sensor name, start time of measurement, end

time of measurement, and non-operating months.

ID
Latitude Longitude Sensor Name Start Time of End Time of Non-Operating

Measurement Measurement Months

1866 33.999978 -117.41676 RIVR_Co-loc1 7/10/17 4/27/20 Sep., Oct., Nov., and Dec. 2018

1854 33.999503 -117.41602 RIVR_Co-loc2 7/10/17 4/27/20

2346 33.999978 -117.41676 RIVR_Co-loc3 7/31/17 4/27/20

2325 33.999978 -117.41676 RIVR_Co-loc4 7/31/17 4/27/20 Sep., Oct., Nov., and Dec. 2018

2167 33.999978 -117.41676 RIVR_Co-loc5 7/17/17 4/27/20

2155 33.999978 -117.41676 RIVR_Co-loc6 7/17/17 4/27/20 May, 2018

2612 33.999515 -117.41595 RIVR_Co-loc7 8/7/17 4/27/20

2758 33.999978 -117.41676 RIVR_Co-loc8 8/11/17 4/27/20 Sep. 2018

3537 33.999381 -117.41601 RIVR_Co-loc9 9/20/17 4/27/20 May, Sep., Oct., Nov., and Dec. 2018

4748 33.999516 -117.41594 RIVR_Co-loc10 11/22/17 4/27/20 May, Aug., Sep., Oct., Nov., and Dec. 2018

and Jan 2019

4731 33.999504 -117.41593 RIVR_Co-loc11 11/22/17 3/1/19 Jan., Feb., Mar., Sep., Oct., Nov., and Dec. 2018

5280 33.99946 -117.41594 RIVR_Co-loc12 12/12/17 4/27/20 May, Sep., Oct., Nov., and Dec. 2018

5284 33.999451 -117.41591 RIVR_Co-loc13 12/12/17 4/27/20 May, Sep., Oct., Nov., and Dec. 2018

6806 33.999583 -117.41621 RIVR_Co-loc14 1/30/18 4/27/20 Apr., Sep., Oct., and Nov. 2018

6912 33.999482 -117.41627 RIVR_Co-loc15 1/31/18 4/27/20 Apr., Sep., Oct., and Nov. 2018

9226 33.999389 -117.41633 RIVR_Co-loc16 3/24/18 4/27/20 Apr., Sep., Oct., Nov., and Dec. 2018

9358 33.999319 -117.41638 RIVR_Co-loc17 3/25/18 4/27/20 Apr., Sep., Oct., Nov., and Dec. 2018

Table 2. R2, RMSE, and MAE of the PA-II unit against the BAM-1020 based on the hourly PM2.5 measurement data for each month.

Jan-18 Feb-18 Mar-18 Apr-18 May-18 Jun-18 Jul-18 Aug-18 Sep-18 Oct-18 Nov-18 Dec-18

R2 0.936 0.799 0.845 0.759 0.659 0.695 0.359 0.816 0.591 0.784 0.829 0.905

RMSE 4.201 3.735 2.932 3.938 3.477 4.097 5.615 3.204 4.550 3.650 3.832 3.765

MAE 3.171 2.721 2.196 3.098 2.716 3.267 3.597 2.424 3.358 2.844 2.913 2.743

Intercept 3.898 4.229 2.898 7.090 4.694 7.925 6.721 4.692 6.357 2.682 3.269 1.445

Slope 0.502 0.475 0.525 0.446 0.486 0.475 0.434 0.459 0.382 0.420 0.409 0.472

Jan-19 Feb-19 Mar-19 Apr-19 May-19 Jun-19 Jul-19 Aug-19 Sep-19 Oct-19 Nov-19 Dec-19

R2 0.884 0.750 0.735 0.618 0.801 0.730 0.893 0.405 0.441 0.523 0.880 0.813

RMSE 3.326 2.940 2.753 3.703 3.146 3.403 4.127 4.220 3.292 4.768 4.474 3.866

MAE 2.485 2.216 2.124 2.892 2.349 2.700 3.082 2.564 2.558 3.360 3.238 2.934

Intercept 1.961 2.190 1.881 4.065 2.525 3.225 3.070 5.649 5.312 5.088 2.976 1.165

Slope 0.397 0.354 0.427 0.385 0.418 0.383 0.575 0.428 0.511 0.483 0.497 0.572
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Table 3. Calibration result (R2, RMSE (µg/m3), and MAE (µg/m3)) of hourly PM2.5 concentrations using MLR for the PA-II 7 unit based

on the selected combinations.

NO2 not included NO2 included

Feature

Vector

Training Set Test Set
Feature

Vector

Training Set Test Set

R2 RMSE MAE R2 RMSE MAE R2 RMSE MAE R2 RMSE MAE

1 0.786 4.466 3.338 0.726 4.534 3.447 10 0.789 4.436 3.319 0.737 4.445 3.359

2 0.800 4.321 3.236 0.753 4.306 3.198 11 0.789 4.432 3.315 0.737 4.444 3.358

3 0.797 4.348 3.256 0.757 4.273 3.179 12 0.813 4.173 3.119 0.788 3.992 2.865

4 0.804 4.278 3.161 0.759 4.256 3.153 13 0.814 4.161 3.115 0.788 3.988 2.854

5 0.802 4.301 3.225 0.761 4.241 3.138 14 0.815 4.147 3.091 0.792 3.957 2.838

6 0.806 4.250 3.145 0.762 4.231 3.114 15 0.816 4.145 3.089 0.792 3.950 2.834

7 0.807 4.238 3.134 0.760 4.251 3.117 16 0.815 4.148 3.073 0.788 3.996 2.862

8 0.809 4.221 3.133 0.767 4.188 3.049 17 0.817 4.131 3.060 0.786 4.006 2.861

9 0.809 4.216 3.130 0.768 4.171 3.048 18 0.817 4.127 3.057 0.788 3.990 2.852

19 0.818 4.118 3.068 0.793 3.942 2.793

20 0.818 4.113 3.061 0.794 3.938 2.789
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Table 4. Calibration result (R2, RMSE (µg/m3), and MAE (µg/m3)) of hourly PM2.5 concentrations using RF for for the PA-II 7 unit based

on the selected combinations.

NO2 not included NO2 included

Feature

Vector

Training Set Test Set
Feature

Vector

Training Set Test Set

R2 RMSE MAE R2 RMSE MAE R2 RMSE MAE R2 RMSE MAE

1 0.813 4.180 3.122 0.736 4.472 3.342 10 0.807 4.244 3.157 0.737 4.461 3.321

2 0.831 3.965 2.983 0.763 4.236 3.169 11 0.807 4.244 3.151 0.736 4.470 3.319

3 0.844 3.811 2.836 0.781 4.076 2.991 12 0.849 3.751 2.789 0.787 4.018 2.956

4 0.844 3.809 2.834 0.784 4.046 2.979 13 0.878 3.367 2.567 0.798 3.910 2.893

5 0.847 3.777 2.813 0.785 4.036 2.973 14 0.876 3.405 2.570 0.784 4.044 2.951

6 0.851 3.730 2.801 0.777 4.108 2.989 15 0.876 3.406 2.580 0.787 4.021 2.932

7 0.875 3.417 2.572 0.777 4.108 2.995 16 0.884 3.284 2.491 0.798 3.911 2.879

8 0.848 3.761 2.813 0.776 4.118 2.994 17 0.885 3.278 2.490 0.797 3.918 2.876

9 0.851 3.727 2.795 0.773 4.151 3.005 18 0.911 2.887 2.183 0.799 3.906 2.863

19 0.914 2.832 2.159 0.800 3.896 2.862

20 0.915 2.813 2.137 0.794 3.955 2.885

21 0.909 2.918 2.191 0.793 3.964 2.890

22 0.886 3.256 2.466 0.791 3.983 2.907
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Table 5. Calibration result (R2, RMSE (µg/m3), and MAE (µg/m3)) of hourly PM2.5 concentrations using MLR and RF models for the

PA-II 7 unit based on the selected combinations additionally with distant NO2.

MLR RF

Site

ID

Feature

Vector

Colocated NO2 Nearby NO2 Colocated NO2 Nearby NO2

R2 RMSE MAE R2 RMSE MAE R2 RMSE MAE R2 RMSE MAE

0

10 0.738 4.453 3.361 0.739 4.448 3.353 0.737 4.461 3.321 0.736 4.477 3.333

6

11 0.739 4.452 3.360 0.739 4.445 3.349 0.736 4.470 3.319 0.735 4.482 3.327

-

12 0.789 4.002 2.869 0.785 4.034 2.882 0.787 4.018 2.956 0.786 4.025 2.965

0

13 0.789 3.999 2.857 0.786 4.032 2.870 0.798 3.910 2.893 0.794 3.955 2.929

6

14 0.792 3.967 2.841 0.789 4.003 2.852 0.784 4.044 2.951 0.782 4.069 2.967

5

15 0.793 3.960 2.837 0.789 4.004 2.855 0.787 4.021 2.932 0.781 4.072 2.963

-

16 0.788 4.006 2.866 0.785 4.036 2.878 0.798 3.911 2.879 0.796 3.933 2.892

8

17 0.787 4.016 2.864 0.784 4.051 2.874 0.797 3.918 2.876 0.795 3.940 2.896

0

18 0.789 4.000 2.854 0.784 4.045 2.874 0.799 3.906 2.863 0.796 3.932 2.876

0

19 0.794 3.954 2.797 0.791 3.980 2.802 0.800 3.896 2.862 0.797 3.924 2.879

5

20 0.794 3.949 2.793 0.791 3.979 2.802 0.794 3.955 2.885 0.791 3.982 2.899

21 0.793 3.964 2.890 0.790 3.989 2.905

22 0.791 3.983 2.907 0.788 4.012 2.927

0

10 0.738 4.453 3.361 0.710 4.690 3.613 0.737 4.461 3.321 0.736 4.529 3.379

6

11 0.739 4.452 3.360 0.711 4.679 3.595 0.736 4.470 3.319 0.735 4.572 3.405

-

12 0.789 4.002 2.869 0.687 4.874 3.806 0.787 4.018 2.956 0.786 4.180 3.065

0

13 0.789 3.999 2.857 0.689 4.853 3.763 0.798 3.910 2.893 0.794 4.821 3.648

7

14 0.792 3.967 2.841 0.691 4.838 3.728 0.784 4.044 2.951 0.782 4.325 3.155

1

15 0.793 3.960 2.837 0.676 4.959 3.841 0.787 4.021 2.932 0.781 4.966 3.728

-

16 0.788 4.006 2.866 0.702 4.751 3.674 0.798 3.911 2.879 0.796 4.337 3.216

0

17 0.787 4.016 2.864 0.700 4.773 3.665 0.797 3.918 2.876 0.795 4.339 3.224

0

18 0.789 4.000 2.854 0.681 4.915 3.794 0.799 3.906 2.863 0.796 4.480 3.341

2

19 0.794 3.954 2.797 0.708 4.702 3.624 0.800 3.896 2.862 0.797 4.476 3.340

7

20 0.794 3.949 2.793 0.688 4.864 3.784 0.794 3.955 2.885 0.791 4.653 3.469

0.793 3.964 2.890 0.790 4.626 3.436

0.791 3.983 2.907 0.788 4.457 3.287
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Figure 1. Correlation among all PMS 5003 sensors of the selected PA-II 2, 3, 5, 6, 7, and 8.
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Figure 2. Scatter plot for daily PM2.5 comparison of BAM-1020 (Non-FEM) instrument with the FRM instrument
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Figure 3. Hourly PM2.5 concentrations measured from BAM-1020 (Non-FEM) and PA-II 7, and hourly temperature and relative humidity

measured from PA-II 7 from Dec. 2018 to Feb. 2019.

26

https://doi.org/10.5194/egusphere-2023-1344
Preprint. Discussion started: 25 July 2023
c© Author(s) 2023. CC BY 4.0 License.



1

1

1

1

1

1

1

1

1

1

1

2

2
2

2

2

2

2

2

2

2

2

3

3
3

3

3

3

3

3

3

3

3

4

4

4

4

4

4

4

4

4

4
4

5

5
5

5

5

5

5

5

5
5

5

6

6
6

6

6

6

6

6

6

6

6

01/18 04/18 06/18 07/18 08/18 09/18 10/18 04/19 08/19 9/19 10/19

Date (MM/YY)

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

R
2

1: PM
2.5

2: PM
2.5

, T

3: PM
2.5

, RH

4: PM
2.5

, NO
2

5: PM
2.5

, T,RH

6: PM
2.5

, T,NO
2

1

1

1

1

1

1

1 1

1

1

1

2

2

2

2

2

2

2 2

2

2

2

3

3

3

3

3

3

3
3

3

3

3

4

4

4

4

4

4

4 4

4

4

4

5

5

5

5

5

5

5
5

5

5

5

6

6
6

6

6

6

6
6

6

6

6

01/18 04/18 06/18 07/18 08/18 09/18 10/18 04/19 08/19 9/19 10/19

Date (MM/YY)

2

2.5

3

3.5

4

4.5

5

5.5

6

R
M

S
E

 (
g

/m
3
)

1: PM
2.5

2: PM
2.5

, T

3: PM
2.5

, RH

4: PM
2.5

, NO
2

5: PM
2.5

, T,RH

6: PM
2.5

, T,NO
2

Figure 4. R2 and RMSE using MLR method for the PA-II unit with the BAM-1020 for the selected months based on the following feature

vectors; 1:(PM2.5), 2:(PM2.5, T), 3:(PM2.5, RH), 4:(PM2.5, NO2), 5:(PM2.5, T, RH), and 6:(PM2.5, T, NO2).
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