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Abstract

Ground-level ozone values have been reported to be at unhealthy levels in many
populated regions of China. An efficient and effective way for people to combat its
harmful effects is seriously needed. However, there are only sparse measurements of
ozone being made across China and more measurement sites are needed to understand
health relevant concentrations both temporally and spatially. This is due in part to the
fact that current monitoring approaches are costly and bulky. Ambient sensors with low
cost, small size, and fast response time could potentially fill the current need. Our
purpose in this study is to evaluate low cost, portable, and real-time sensors we hope to
use in future studies. This study tested the effectiveness of the sensors in monitoring
indoor and outdoor air quality, in particular ozone, in Beijing, China.

Seventeen sensors, which were to monitor indoor, outdoor, and personal ozone
exposure in 7 homes, were collocated at Peking University (PKU) before and after
running in selected residential homes. Pairwise comparisons were conducted using
collocated sensor data with data from a standing reference sensor which was maintained
by PKU to have best-fit regressions. Based on the best-fit regression when compiling
both pre- and post- collocation periods, cleaned sensor data was calibrated and
compared with reference data with R2 ranging from 0.63 to 0.97. Overall, the sensors are

able to measure Os within £17 ppb. Average error of sensors after calibration is about -1
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ppb and the percentage error is about -3.8%+7.4%, which is much better than what we
expected. The geographical conditions and surroundings caused significant differences
to the ambient ozone concentrations from sensors located across Beijing. Second, the
sensors successfully showed that indoor ozone concentrations were likely to be lower
when air filtration was on compared to the concentrations when filters were off.
Moreover, the results confirmed higher levels of ozone outdoor concentrations
compared to indoor. After calibration, average indoor Os concentration ranged -2 ppb to
23 ppb, while outdoor Os concentration was from 19 ppb to 47 ppb. The only personal
sensor that worked well measured the average personal exposure as about 33 ppb. The
peak of ozone outdoor concentration was usually 100 ppb higher than indoor
concentration.

Several factors were considered that could affect the accuracy of the sensors
including temperature (degree C), relative humidity (RH%), and concentrations of other
chemicals in the ambient environment such as Nitrogen Oxides (NOz, NO). However,
the impacts of those factors on the performance of sensors were not significant after
calibration with little or no correlation between errors and those factors. Therefore, the
calibrations based on the simple linear regressions between the sensors and the reference

when collocated were valid on the data during the whole sampling period.
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1. Introduction

Air pollution, referring to the contamination of the atmosphere both indoors and
outdoors, is regarded as one of the most serious problems in the world. It has aroused
public attention because it has caused thousands of people to become sick everyday
with ailments such as asthma, emphysema, and pneumonia. Epidemiological studies
have demonstrated a consistent increased risk for cardiovascular disease in relation to
both short- and long-term exposure to present-day concentrations of particulate air
pollutants such as PM2.5, PM10 and gaseous pollutants such as ground-level ozone and
nitrogen oxides (Xu et al., 1994; Brook et al., 2004). Air pollution has emerged as a
significant contributor to global burden of disease (GBD), especially in low-income and
middle-income countries (Feigin et al., 2016). The World Health Organization (WHO)
reported that more than two million premature deaths each year can be attributed to the
effects of outdoor and indoor air pollution (WHO 2006). According to the GBD 2010, an
estimated 3.2 million attributable deaths were mainly cause by PM2.5 (Brauer et al.,
2016). Deaths attributable to PM2.5 increased to 4.2 million in 2015 (Cohen et al., 2015).
An estimated 152,000 deaths were attributable to long term exposure to ozone (Os) in
2010, and the number increased to 254,000 in 2015 (Brauer et al., 2016; Cohen et al., 2015).

Growing urbanization, increasing population, and technological developments
are generating more and new pollutants which are increasingly harming the

environment and public health (Mehndiratta et al., 2013). Among those air pollutants,
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ground-level ozone or tropospheric ozone, within the layer of the atmosphere that
extends from the earth's surface to about 10 miles, attracts increasing attention from the
public (Gao et al., 2015). Ground-level ozone is an important greenhouse gas (GHG)
because it absorbs infrared radiation from the surface and heats the atmosphere (Zhang
et al., 2014). It can also have harmful environmental and health effects, not only on
sensitive vegetation and ecosystem, but also can trigger a variety of health problems,
particularly for children, the elderly, and people of all ages who have lung diseases such
as asthma (McCubbin & Delucchi, 1999). Scientists have clearly indicated that ground-
level ozone can affect human health including irritating the respiratory system, reducing
lung function, aggravating asthma, intriguing other chronic lung diseases (emphysema,
bronchitis), and inflaming and temporarily damaging the lining of the lung (U.S.EPA,
2001; Sanhueza et al., 2003).

Early in 1970s, Crutzen (1973) and Chameides and Walker (1973) suggested that
ground level ozone originated mainly from production within the troposphere by
photochemical oxidation of CO and hydrocarbons catalyzed by volatile organic
compounds (VOCs), and oxides of nitrogen (NOx). Since then, improved understanding
of the importance of both natural and anthropogenic sources of ozone precursors has
highlighted the dominance of this ozone source (Monks et al., 2015). Currently, it is well
accepted that ground level ozone pollution is mainly created by chemical reactions

between ozone precursor gases: NOx, VOCs, CO, and CHa in the presence of UV light
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(World Bank Group, 1999; Monks, P. S., 2005; Fowler et al., 2008). Most NOx and VOCs
are created by emissions from industrial facilities and electric utilities, motor vehicle
exhaust, gasoline vapors, and chemical solvents. Figure 1 shows some of the key

interactions that drive ozone concentrations in the troposphere and some of the

feedbacks (EPA, 2009).
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Figure 1: Schematic representation of the interactions of ozone in the Earth system

(EPA, 2009).



Air pollution has become a major issue in China, and poses a threat to Chinese
public health. It was reported that ground-level ozone was becoming the major air
pollutant in China in 2016 (Yu, et al., 2016). On May 18, 2016, the ozone concentration of
6 districts of Beijing reached 185 g/m3. On May 21 2016, ozone concentration reached
242pg/m3 (Chinese National Environmental Monitoring Center, 2016). However, ozone
can cause acute and chronic impacts on human health at concentrations as low as
70pug/m3 (35 ppb) (Williams, 2013). The Chinese National air quality standards set the
limitation for the Class 1 Ozone concentration at 100ug/m3 (51 ppb), for Class 2 at
160ug/m3 (82 ppb) measured as daily 8-hour maximum average (Ambient Air Quality
Standards GB 3095-2012). Besides Beijing, many cities in China including Shanghai
Nanjing, Xi 'an, Jinan, Zhengzhou were seriously polluted by ground-level ozone. It is,
in China, reported that every year in summer from July to September, ozone pollution is
the most serious (He, Huo and Zhang, 2002). Because Ozone is formed by the
photochemical dissociation of nitrogen dioxide (NO2) which itself is primarily formed by
reactions of the emissions of internal combustion engines (nitric oxide and unburnt
hydrocarbons) with the existence of strong sunlight (UV light), factors such as high
temperature, strong sunlight, and pollutant emissions, could foster the pollution to be
more serious during summer. Therefore, an efficient and effective way to control

ground-level ozone is needed (Thompson, et al., 2001). As a first step, monitoring



ground-level ozone is key to understanding its spatial and regional patterns and
concentration levels.

Because the measurement of spatial distribution of ozone has not been well
developed, the current approach of measuring ozone concentrations as well as
modelling large spatial and temporal variations is still limited and far from satisfying.
One important reason is that available instrumentation is limited (Williams, 2013).
Conventional air pollution monitoring systems are mainly based on bulky, sophisticated
and well-established instruments. These instruments tend to apply complex
measurement methods and complicated assisting tools including temperature and
relative humidity controllers, air filters or sensors for particulate matter PM and gases,
and built-in calibrators, aiming to guarantee the accuracy and performance.
Consequently, these instruments are typically expensive, consume a great amount of
energy, and are large (Yi et al., 2015). It also leads to the lack of systematic networks of
real-time monitoring instruments, resulting in the inefficiency of the monitoring of
strong gradients in pollutant concentration both spatially and temporally (Williams,
2013). The lack of such an effective approach results in the impediment of
comprehensively understanding the impacts of such pollutant on human health and the
environment. In the circumstance that air pollution is increasingly serious, ambient
sensors with low cost, small size, and fast response time are highly desirable (Yi et al.,

2015). The concepts and potential for such devices are well established in the public,

5



however, the low-cost sensors haven’t been widely used in the community, in part
because they are exceptionally challenging under situation of making a specific gas
measurement to high data accuracy and precision, and with stability over time,
compared to conventional monitoring instruments (Lewis et al., 2015; Yi et al., 2015).
Moreover, detailed published measures of performance are relatively sparse,
particularly for analytical technologies that already have the general public as a user. In
China, which is now one of the most polluted countries in the world, no such efficiently
real-time monitoring instruments or systems are widely applied. Our purpose in this
study is to provide an opportunity to apply specific low cost, portable, and real-time
sensors we hope to use in future studies that detect air quality with high accuracy and
short response time. This paper tests the effectiveness of the sensors in monitoring
indoor and outdoor air quality, especially ozone, in Beijing, in order to provide support

for the future use.



2. Methodology
2.1 Study Location

The study was conducted in Beijing, China (40°N, 116°E, 43 m asl.). Beijing is the
capital of China and the world’s third most populous city proper, with a population of
over 17 million and an area of 16800 km2 (38% flatlands and 62% mountain areas) (Li et
al., 2008). Beijing is in the northwestern border of the North China Plain and surrounded
by high mountains in its north, southwest, and west directions (Figure 2) (Li et al., 2008).
This natural geographical condition makes Beijing vulnerable to air pollutants because
easterly or southerly winds can transport large amounts of air pollutants to Beijing
where they accumulate (Li et al., 2008). Moreover, the combined effects of urbanization
and pollution caused by combustion of fossil fuels has resulted in Beijing becoming one
of the most seriously polluted cities with several intense air pollution events occurring
each year (Wang et al., 2016). The average concentration of Os-8h in urban Beijing was
collected and found an increase trend at a rate of 1.8 ug m-3 year—1 during 2010-2014
(Lang et al., 2017). Because the research is to be conducted in Shanghai in Spring 2017
after this pilot study, Beijing as a pilot location shares many similarities with Shanghai
such as the scale and population density. Thus, conducting a study in Beijing provides

solid reference to the following study in Shanghai.



Figure 2: Topography of Beijing, China (Source: chinatouristmaps.com)

Seven homes in total were included in the study (Figure 3). Table 1 lists the
straight-line distances of 7 homes away from the Beijing center which is referred to as
Tiananmen Square. Home 1 is located in a busy commercial area near to the Global

Trade Center and several global companies and banks at the third-ring in Beijing. Home
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2 is at the middle north of the city where is near to the Olympic Forest Park which is the
largest park in Beijing and two gulf clubs with large greenings. Homes 3 and 4 are both
close to the Tshinghua University campus in northwestern Beijing. Home 3 is in an
apartment neighborhood next to the campus. Home 4 is between Tshinghua University
and Peking University. Home 5 is located in western Beijing with similar distances to the
city center with homes 6 and 7 which are in east Beijing. And these three homes were all
around the residential apartments and neighborhoods. Before running the 17 sensors in
7 residential homes, all sensors were collocated on a flat roofed building of the College
of Computer Science at Peking University (PKU), approximately 12 m above ground

level and with unobstructed airflow.

Table 1: Distances and orientations of 7 homes towards the Beijing center

Home D1§tance Orientation
(Kilometers)

Homel 6.9 Middle north

Home2 114 Middle north

Home3 12.8 Northwest

Home4 11.8 Northwest

Home5 6.9 West

Home6 6.7 East

Home7 7.3 East
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2.2 Instruments

2.1.1 Compositions of Packages

Voltage regulator

SD card
Barrel Jack for wall
Power supply
LED indicator
Teensy

Microcontroller

PM2.5 sensor Note: ensure
Inlet of sensor is aligned
with inlet of package

03, NO2, sensors
Note: Do not touch white

Temp. TR surface (this surface allows
Clock (Set to Beijing time
/RH sensor ( Jing time) gas to diffuse into the
sensor)

Figure 4: 2-way Alphasense outdoor/indoor package electrical components,
wall power (monitoring Os, NO2)
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SD card
CO2 sensor A
[
LED indicator

PM2.5 sensor Note: ensure
Inlet of sensor is aligned
with inlet of package

Temp.

/RH sensor

Figure 5:

Clock (Set to Beijing time)

wall power (monitoring Os, NOz, NO, CO2)

Table 2: Specification Performance

Voltage regulator

Barrel Jack for wall
Power supply

Teensy
Microcontroller

03, NO2, NO sensors
Note: Do not touch white
surface (this surface allows
gas to diffuse into the
sensor)

3-way Alphasense outdoor/indoor package electrical components,

Sensor Chemicals Sensitivity Response Noise* Range
type Time
OX-A431 | Ground-level | nA/ppm | -200 | T90(s) | <45 | +2 standard 15 | ppm O3 20
ozone (Os) atlppm |to- | from deviations limit of
Os 550 | zero to (ppb performance
lppm equivalent) warranty
Os
NO:z- NO: nA/ppm | -175 | T90(s) | <60 | +2 standard 15 | ppm NO2 20
A43F at2ppm | to- | from deviation(ppb limit of
NO: 450 | zero to equivant) performance
2ppm warranty
NO:
NO-A4 NO nA/ppm | 350 | T90(s) | <25 | +2 standard 80 | ppm NO 20
in 2ppm | to from deviations limit of
NO 550 | zero to (ppb performance
2ppm equivalent) warranty
NO

12




* Sensors are all manufactured by Alphasense Ltd

* Tested with Alphasense AFE low noise circuit

At each home, real-time ozone sensor packages were set up indoors and
outdoors to monitor air pollutant concentrations (Os, NOx, CO2, PM2.5) continuously for
about 12 days from August 1st, 2016 to August 12th, 2016. As mentioned, before and
after running in 7 residential homes, all sensors were collocated on a flat roofed building
PKU in order to calibrate the sensors subsequently. The packages were composed of
Alphasense gas sensors, an SD card, LED indicators, a Temperature (Temp.)/Relative
humidity (RH) sensor, a clock, a voltage regulator, Barrel Jack for wall power supply,
and a Teensy microcontroller (Figures 4, 5).

2-way (Figure 4) or 3-way (Figure 5) Alphasense 4-Electrode gas sensors were
installed in the sensor packages to detect various gas phases species including Oz, NOz,
NO, and CO, providing a real-time detection for use in air quality networks where low
detection levels of several ppb are required in a sensitive, stable, and reliable
performance for long term repeatability (Lewis etc., 2016; Mead etc., 2013). Table 2
provides the detailed information of the Alphasense sensors including names, measured
compound, costs and performance (sensitivity, response time, noise, and range)
(Alphasense, 2013; Lewis etc., 2016). For best performance, every sensor was located

flush with the edge of the box so that the samplers were directly exposed to air. The SD
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card inserted in the box can obtain real-time data of gas phase concentrations monitored
in minutes. These data can be easily downloaded by inserting the SD card into a
computer. The LED indicator indicates the stability of the connection in the box. The
barrel jack is where the box is connected with a portable battery, and a voltage regulator
is designed to automatically maintain a constant voltage level of about 3~9 volts. Figures
7,8 and 9 show a closer look at the composition in the box, the package vents, and the
overall the sensor package.

Figure 10 shows a personal sensor package which is used to be portable by
persons to monitor real-time personal exposure to the air pollutants (Os, NOz). The
composition of the personal package has no difference from that of indoor/outdoor

sensor package case.

- )
I n Do
Nitro en? i Nitrogen DioXi 1A Ozone + nitroget! ’ Mﬁ%’fﬁ{
NO2-a43F 2" NO2-Ba3F 2012 OxX-Ag31 213 P OX-B431

3

"

Figure 6: Alphasense 4-Electrode gas sensors
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Insert battery here
for battery powered
Sensors

Figure 7: Sensor package running on battery power

Clock (Set to Beijing time)
Keep electrical tape covering metal area
of clock to prevent electrical shorting

03, NO2 sensors

Temp.
/RH sensor

Algthasense

Teensy

i I
Microcontroller LED indicator

PM2.5 wires
Purple — Power
Orange - GND

Barrel Jack Voltage regulator SD card

Figure 8: Close up of wiring on PCB
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PM2.5 Sensor Cord Alphasense opening
opening opening

Figure 9: A. Outdoor/indoor package case vents B. Closed view of sensor package

oo SD card Teensy
LED indicator - Microcontroller

-

Voltage regulator

Barrel Jack for
Power supply

PM2.5 sensor Note: ensure
Inlet of sensor is aligned
with inlet of package 03, NO2, sensors

Note: Do not touch white
surface (this surface allows
gas to diffuse into the
sensor)

Temp.
/RH sensor

Clock (Set to Beijing time)

Figure 10: Properly assembled personal sensor package
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2.2.2 Proper Indoor and Outdoor Packages Setup

= il

Figure 12: Proper outdoor package setup.

Indoor and outdoor sensor packages were set up at appropriate locations in
order to guarantee their stable and accurate detection. Indoor packages were set up at
convenient locations where were plugged into a wall outlet or to a power strip. The
monitor was in the breathing zone about 5ft above the floor ensuring the inlet and
exhaust were unobstructed. The package was mounted via zip ties or can be placed on a

shelf or other surface (Figure 11, 12). Once a sensor was plugged in, the LED indicator
17



was solid without flashing or being off. If the LED is blinking or off, problems should be
the connection issue, for example, the SD card is improperly inserted, thus, reconnecting
the sensor from the power source would work. Same as indoor packages, the outdoor
packages were securely fastened using zip ties ensuring vents not be blocked by any
other large object.

Before running the sensor packages, all batteries were charged for approximately
12 hours to guarantee the sufficient battery to the running period. The lifetime of the
batteries for one total running period is roughly 3 days. Prior to running the sensors, the
packages were double checked to ensure that they were properly set up and assembled.
Then, the sensors ran for several minutes to guarantee that they could stably operate

without errors, light-flashing, and with SD card logging properly (Figure 9, 10).

2.2.3 Air Quality Monitoring

After checking the appropriacy of sensors” establishment, calibrations were
required based on the data gathered from collocation time periods at PKU before and
after monitoring in the homes. Calibration in measurement technology is the
comparison of measurement values delivered by a device (low-cost real-time sensors in
this study) under test with those of a calibration standard of known accuracy which was
data provided by PKU gained on PKU roof. The outcome of the comparison was an

adjustment made to correct the errors to an acceptable level. To calibrate the sensors, all
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sensor packages were first set up and running for 48 hours at the calibration sites on the
top of a flat roofed building of the College of Computer Science at PKU campus from
July 27th, 2016 to July 29th, 2016. This collocation process was repeated from August
15th, 2016 to August 16th, 2016 after monitoring in the homes, to further compare the
agreement of the sensor data and the reference and to provide post-collocated data
together with pre-collocated data for the calibration on whole set of data. In this study,
raw sensor data was calibrated to be within the 98% confidence interval which is a high
degree of agreement. It means we are 98% confident that our calibrated data contain the
true value, in other words, our calibration method can highly measures and estimates
the ambient concentration with 98% confidence.

Air quality detection in 7 homes including filter intervention, household air
quality monitoring, and personal air quality monitoring was conducted for 12 days from
August 1st, 2016 to August 12th, 2016. During the 12-day monitoring, an air purifier was
put in each site’s bedroom and was running for 10 days including two 5-day periods
separated by 2 days. Indoor and outdoor sensor packages were left inside and outside of
each residential home for 12 days. As Figure 13 shows, one period of sections had the
filter on which is denoted as “true” filtration, and the other period was without filtration
which was the “sham” filtration period. Homes 1,2,5 had true filtration during the first
period and sham filtration during the second period. The other homes 3,4,6,7 had it

reversed. When the air purifier was turned on, all windows and doors of the bedroom
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were required to be closed to optimize the performance of the air filtration device.

Additionally, one person from each of homes 2, 4, 5 carried around a small personal

sensor backpack to monitor personal exposure to Os and NO: for two 48-hour

monitoring periods. The backpack contained a small pump, air quality sensors, and an

air quality badge. It was required that the person should wear this pack always, except

when sleeping or bathing/showering. While sleeping, the pack is required to be placed

in the bedroom, for example, on a side table or shelf at about the same height above the

floor as the bed. While bathing, the device could stay in the room, but should not get

wet.
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Home7
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) — e

Collocation Air monitoring (with indoor air filtration) Collocation

Figure 13: Sampling steps with pre- and post- collocations, and air monitoring

with air filtration
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2.2.4 Data Pre-processing

Real-time data was collected and stored each minute. To control the data quality
and ensure the data accuracy, both raw sensor data and reference data was hourly
averaged. After averaging raw data and reference data, outliers which exceeded 95%
confidence intervals of each single set of data were removed (Table 3). Table 3 lists all
sensors” exact numbers of original data, averaged data, and data after averaging and
cleaning. Because all data was first hourly averaged, the number of raw data decreased
from about 20000 to about 400. Then, after further cleaning averaged data by removing
outliers to ensure the data was within the 95% confidential interval (degree of
agreement), the rest averaged hourly data cover roughly 98% of the original 1-minute
data. Hence, only 2% of the overall data was not included in the following analyses.

Then, “cleaned” data was available for further comparison and analysis. Cleaned
sensor data from each of site was aggregated into a time series of mass concentrations
corresponding to a best-fit calibration model derived during the calibration phase. Then
averaged reference data was compared to the hourly averaged mass concentration

measurements from each site's using coefficients of determination (R?).
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Table 3: Total amount of raw data, averaged data, and cleaned data

Home sensors Original data Averaged data Cleaned D
ata Coverage
averaged data

Homel indoor 24746 422 415 98.3%
Home1 outdoor 24896 423 415 98.1%
Home2 outdoor 26375 445 440 98.5%
Home2 personal 14018 239 232 97.8%
Home3 indoor 24954 426 423 99.0%
Home3 outdoor 21543 369 364 98.6%
Home4 indoor 22750 392 385 98.2%
Home4 outdoor 23155 392 384 98.0%
Home4 personal 9588 163 163 99.0%
Homeb5 indoor 21073 360 357 98.8%
Home5 outdoor 12574 215 209 97.2%
Home5 personal 13957 209 206 98.5%
Home 6 indoor 23553 399 359 98.4%
Home6 outdoor 21516 366 360 98.3%
Home7 outdoor 23351 397 391 98.5%
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3. Results and Discussions

3.1 Field Evaluation of Oz Sensors

To test the effectiveness of sensors tracking Os concentration, the sensors were
collocated at the roof located at Peking University (PKU) before and after monitoring in
the homes. Meanwhile, PKU continuously monitored the ambient real-time Os
concentrations as standard reference data with which we compared real-time sensor
data. After comparing the cleaned data with reference data in collocation periods, data

were calibrated based on the results of two collocation periods.

3.1.1 Comparisons of sensor data with reference data

Sensors ran on the roof at PKU before and after running in the households. To
compare the agreement of sensor data and reference data as well as calibrate sensor data
afterwards, best-fit regressions were generated by corresponding cleaned sensor data
with reference data. In this way, simple linear regressions, in which a single
independent variable is used to predict the value of a dependent variable, were applied
in order to get a general idea of the agreement of sensor data and reference. By
comparing the parameters of linear regressions between sensor data and reference data
(intercepts, slopes, R?or coefficients of determination), we could generally determine the

performance of sensors compared with reference in the degree of data agreement.
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Table 4 lists main parameters of 7 homes’ best-fit linear regressions of collocated
indoor / outdoor / personal data compared with reference data. In the pre-collocation
period, the collocation regressions’ intercepts of sensors range from -23 ppb to 36 ppb
with an average value 0 ppb and standard deviation 16 ppb (only for working sensors).
In post-collocation period, the intercepts range from -6 ppb to 34 ppb, with an average
value 9 ppb and standard deviation 12 ppb. In the “before” period, the slopes ranging
from 0.8 to 1.4, roughly around 1 which is reasonable, have a mean of 1.2 and standard
deviation of 0.3. While in the “after” period, the slopes from 1.0 to 1.6, have a mean of
1.3 and standard deviation of 0.1. Coefficients of determination (R?) of working sensors
are about 0.63~0.91 (pre-collocation), 0.72~0.96 (post-collocation).

However, problems did exist since some sensors do not correlate well with
reference data. Data shows home 2 sensors (indoor and personal), home 4 personal, and
home 7 indoor sensors did not work well with no obvious similarities or trends shown
compared with reference data, reasons of which are still under consideration, and we
believe that this is related to electronic problems and/or malfunctioning of the sensors.
Also, some coefficients indicate the correlations are modest, neither high nor low, such
as home 2 outdoor and home 5 indoor sensors. The table also contains missing data
marked as “NA”. All sensors in home 2 didn’t run in the post-collocation period but ran
in home 2 continuously. Something went wrong with the home 4 personal sensor which

didn’t show any correlation, as well as home 5 outdoor and personal sensors which
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could result in the connection problem. Given that this was the first test of prototype

sensors it is not entirely surprising that some of the packages were not operating

correctly. Those sensors (home 2 sensors including indoor, outdoor and personal

sensors, home 4 personal sensor, home 5 indoor, and home 7 indoor sensor) that didn’t

work well were not included in the subsequent discussions.

Table 4: Main parameters in collocation linear regression before and after field study

Before Calibration

avg.

Pre-collocation Post-collocation intercept alvg.
Sensors (ppb) siope
In(t;[)%e)pt slope R? In(t;lr)cbe)pt slope R?

Home 1 indoor 0 1.3 0.63 16 1.5 0.72 12 1.2
Home 1 outdoor 36 0.9 0.81 34 1.0 0.90 36 1.0
Home 2 indoor* 1499 -6.7 0.27* NA NA NA 1499 -6.7
Home 2 outdoor* -23 0.8 0.48e NA NA NA -23 0.8
Home 2 personal™ -35 0.3 0.28* NA NA NA -35 0.3
Home 3 indoor -11 1.3 0.90 -2 1.4 0.96 -4 1.3
Home 3 outdoor -17 1.4 0.86 -6 1.3 0.95 -12 1.4
Home 4 indoor 16 1.3 0.86 23 1.2 0.88 20 1.3
Home 4 outdoor -10 1.2 0.89 1 1.3 0.89 -1 1.1
Home 4 personal™ NA NA NA* NA NA NA NA NA
Home 5 indoor* 23 0.9 0.42¢ 12 1.1 0.95 21 1.0
Home 5 outdoor NA NA NA -4 1.6 0.97 -4 1.6
Home 5 personal -21 0.6 0.66 NA NA NA -21 0.6
Home 6 indoor -7 14 0.91 12 14 0.96 5 1.3
Home 6 outdoor 10 0.8 0.83 3 1.1 0.92 10 0.8
Home 7 indoor* -2913 8.5 0.16* -2886 0.9 0.00* -2900 4.7
Home 7 outdoor 3 1.4 0.89 11 1.3 0.95 7 1.4
Average 0 1.2 0.83 9 1.3 0.91 4 1.2
Std. Dv 16 0.3 0.09 12 0.1 0.07 15 0.3

* modest correlation; * no obvious correlation; NA missing data
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Concerning the accuracy of the raw data that should be considered, errors of the
working sensors were introduced. Generally, systematic error, or accuracy, is the degree
of closeness of measurements of a quantity, sensor data in this study, to that quantity's
true value which is assumed to be the reference data. Thus, error is calculated as the
difference between the sample data and reference data.

Table 5: Means and standard deviations of errors and calculated errors of

sSensors
Sensors Avg. error Avg. error.cal Standard Deviation | Std.D_error.cal Percentage_Error
(ppb) (ppb) (Std. D)_error (ppb) (ppb) -

Homel indoor 26 -1 41 34 -22.4%
Homel outdoor 32 -1 17 18 -2.0%
Home3 indoor 12 -2 21 13 -8.5%
Home3 outdoor 10 1 26 15 4.4%
Home4 indoor 35 0 2 15 0.0%
Home4 outdoor 6 -2 19 15 -5.0%
Home5 outdoor 19 0 19 5 0.0%

Homes 52 0 26 31 0.0%

personal
Home6 indoor 24 -2 23 13 -13.1%
Home6 outdoor -3 -4 17 17 -9.0%
Home7 outdoor 28 0 24 13 0.0%

Average 12 -1 21 17 -3.8%

*without sensors that did not work well

Means and standard deviations of errors were shown in Table 5. Average error
of sensors compared with reference was 12 ppb which means that sensors might
monitor higher than the real data by roughly 10 ppb. The standard deviation represents
the fluctuation of data and can be used to calculate confidential interval, about 21 ppb
before calibration. After applying calibration, the error of sensors was decreased to -

1117 ppb. Overall, this suggests that the sensors are able to measure O3 within +£17
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ppb. The percentage error is about -3.8%%7.4%, which is much better than what we

expected as about 20%.
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Figure 14: R? of pre- and post- collocation data compared with reference
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Figure 16: Intercepts of pre- and post- collocation data compared with

reference

Figures 14 to 16 show the linear regression parameters (R? slopes, and intercepts)

of the indoor and outdoor sensors when these sensors (without sensors that did not

work well) were collocated at PKU compared to reference. The blue dots are the

parameters of pre-collocated linear regressions of the sensor data with reference data,

while the orange ones are the parameters of post-collocation linear regressions of the

sensor data with the reference. From Figure 14, all pre-collocated points are obviously

similar to the paired post-collocated points, which indicates high agreements of pre- and

post-collocation periods. From Figure 15 and Figure 16, all the pre- and post-collocated

data on the plots are close which is assumes to be highly correlated or agreed within

paired collocation periods of the sensors. Paired t test was introduced to calculate the

percentages of two collocation periods of data that were similar to each other. The
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results show high percentages of two period agreed to each other because p-values are
higher than 0.05 (R 0.08, intercept: 0.37, slopes: 0.36). Therefore, no significant

difference of those parameters (R? slopes and intercepts) are observed.

3.1.2 Comparisons of calibrated data and reference data

To further consider the sensors’ performance during the sampling period, all
data were calibrated based on the collocation regression functions. During each
collocation segment a linear regression was generated between the sensor data and
reference. Table 6 lists the regression formulas derived after aggregating pre- and post-
collocated data of each sensor and comparing compiled data with the reference. Those
formulas were applied to calibrate each cleaned sensor data in the full-time period. For
example, the function of home 1 indoor sensor related to reference data is [Os.sensor] =
1.2 *[Os.reference] + 12. It indicates that when reference data is 0 ppb, estimated data for
home 1 indoor concentration is 12 ppb, and if reference data increases 1 ppb, the
estimated sensor data is going to increase to 13.2 ppb. This formula was applied in the
whole-time period to calibrate the whole-set cleaned data. After averaging the slopes
and intercepts of those formulas, an averaged formula was Os.sensor=1.2*Os.reference+4.
Real ozone concentration could be calculated as (Os.sensor-4)/1.2. It means that the
sensors would likely to detect slightly higher than the ambient ozone concentration

which was monitored by reference sensor. Table 7 presents the parameters of the linear
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regressions of each calibrated sensor compared with the reference. All the slopes were
expected and proved to be 1 after calibration, and the intercepts were 0 as expected.
Most R? were high ranging from 0.85 to 0.97.

Figure 17 and Table 8 provide the comparisons of regression formulas of
indoor/outdoor sensors before and after calibration with reference respectively. R? of
those regression formulas are 0.84 (sensors without calibration), 0.83 (sensors with
calibration). Average intercept of regressions of indoor/outdoor sensors before
calibration compared with reference is 10 ppb (outdoor), while after calibration,
intercept is as low as 3 ppb. All slopes are about 1, but the slopes of regressions of
sensors before calibration (1.1) are higher than that after calibration (0.9). According to
Figure 17, the regression line of sensors after calibration is much closer to the standard
line (1:1) where the slope is 1 ppb and the intercept is 0 compared to the regression of
sensors before calibration. Those results clearly show that concentrations monitored by
sensors are credible with high R? (around 0.8), low intercepts (lower than 10 ppb), and
relatively ideal slopes (about 1). Additionally, it is shown that the concentrations
measured by sensors without calibration are likely to be higher than calibrated or real

concentrations.
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Table 6: Regression formulas used in calibrating cleaned data

Sensors Average (ppb)
Home 1 indoor 0Oz.sensor=1.2*0as.reference+12
Home 1 outdoor 03s.sensor=1.0*Os.reference+36
Home 3 indoor 0s.sensor=1.3*0s.reference-4
Home 3 outdoor 03s.sensor=1.4*0s.reference-12
Home 4 indoor 03s.sensor=1.3*Os.reference+20
Home 4 outdoor 0as.sensor=1.1*Os.reference-1
Home 5 outdoor 03s.sensor=1.6*Os.reference-4
Home 5 personal 0s.sensor=0.6*0s.reference-21
Home 6 indoor 0s.sensor=1.3*0gz.reference+5
Home 6 outdoor 03s.sensor=0.8*0s.reference+10
Home 7 outdoor 0s.sensor=1.4*Qgs.reference+7
Average 0s.sensor=1.2*QOgs.reference+4

Table 7: Comparisons of calibrated data and reference

Sensors In(tg:)ct)(e)pt slope R2
Home 1 indoor 0 1 0.63
Home 1 outdoor 0 1 0.84
Home 3 indoor 0 1 0.90
Home 3 outdoor 0 1 0.88
Home 4 indoor 0 1 0.88
Home 4 outdoor 0 1 0.88
Home 5 outdoor 0 1 0.97
Home 5 personal 0 1 0.66
Home 6 indoor 0 1 0.90
Home 6 outdoor 0 1 0.84
Home 7 outdoor 0 1 0.91

Average 0 1 0.84
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Table 8 : Comparisons of linear regression parameters of sensors before and
after calibration vs reference

Sensor Intercept(ppb) Slope R?
Sensc_)rs bgfore 10 11 0.84
calibration
Calibrated outdoor 3 0.9 0.83

3.1.3 Comparisons of each home’s indoor and outdoor sensors when
collocated

To eliminate the effects caused by systematic errors when testing the significant
difference between sensors, uniformity was tested, which refers to the consistency of a
measured value either in a spatial distribution or compared to another sensor taking the
same measurement. In this study, the two paired sensors (indoor and outdoor sensors
when later set up at the same home) were compared by testing the correlation between
them when both were collocated at PKU. It is supposed that the difference between the
two paired sensors when running at each residential home was not caused by the
difference of sensors themselves, if the results showed the high correlation between the
performance of two sensors. In fact, when taking the same measurement in the same
location, the paired sensors were highly correlated with each other indicating high
consistency. Table 9 is the coefficients of determination (R?) of each home’s calibrated
indoor and outdoor sensors when both were collocated at PKU roof. Except for
questionable sensors in home 2 and home 7, indoor and outdoor sensors in each home

were highly correlated when collocated with R? as high as 1.00. It indicates the
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consistency or uniformity of sensors performance and further confirmed that the
difference of the results tested by sensors was not because of significant systematic
errors.

Table 9: Coefficients of determination (R?) of calibrated indoor and outdoor
sensor data within the same home separately

Ig%(igg:f Before After
Homel 0.93 0.88
Home3 0.97 0.99
Home4 0.97 0.98
Homeb NA 1.00
Home6 0.96 0.96

3.2 Factors Affecting Ozone Concentrations Monitored by
Sensors

3.2.1 Effects of filter intervention on ambient ozone concentration

After eliminating the effects that may be caused by systematic errors, several
factors that affected the ambient ozone concentration both indoors and outdoors are
discussed, including the effects of filter intervention and spatial differences.

Figure 18 shows the comparisons of 7 homes’ calibrated data with reference
including indoor, outdoor, and personal sensors. This series of figures clearly presents
the similarities, differences, and trends of the sensors. In general, the plots indicate the
differences between the indoor and outdoor concentrations in the same home, that
outdoor concentrations were generally higher than indoor concentration if strictly

keeping the doors and windows closed. The high correlations of indoor and outdoor
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sensors compared to reference when pre- and post-collocated are consistent with what
have been discussed in 3.1.1.

Moreover, Figure 18 shows the filter intervention could lower the indoor ozone
concentration. As Figures 18 and 19 show, indoor concentrations are much lower than
outdoor concentrations for most homes except home 3. In average, outdoor
concentrations are 29 ppb ~ 44 ppb higher than indoor concentrations (Figure 19). In
terms of air filtration, homes 1, 2, and 5 had first period (first five days from Aug 1%,
2016 to Aug 5%, 2016) filtered as “true”, and second half (second five days from Aug 7,
2016 to Aug 13, 2016) unfiltered as “sham”. The other homes had this flipped. The
filtration effect on home 1 indoor ozone concentration was not clear to identify, but it
fluctuated more in the sham period with wider range and higher peaks. In homes 3, 5,
and 6, the average indoor concentrations of sham period without filtration were slightly
higher than those with filtration. Home 4 didn’t show obvious difference of two periods,
perhaps because the base indoor concentration was low and no significant difference
after air filtration. Home 2 indoor and 7 indoor sensors did not perform well, thus it
could not give any insights in this filtration side.

Additionally, homes 5 personal sensor is also included into the related figures.
According to figures 19 and 20, home 5 personal sensor has a higher average Os
concentration compared to outdoor concentration (personal exposure is about 33 ppb,

while the average outdoor concentration is about 19 ppb). This could provide an insight
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into the situation of personal exposure to Os pollution. However, we can hardly provide
a solid conclusion derived from these sets of data. Probable reasons included that the
quantity of samples was limited and it should be discussed based on specific conditions
of different locations considering the person was carrying the package for the whole
time to monitor the real-time personal exposure. It was essential to consider the person’s
surroundings and the person’s activities as well. It will be further analyzed later with

more samples and detailed conditions.
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3.2.2 Effects of spatial differences in indoor vs. outdoor and outdoor
concentrations among different sites

To further consider the factors that could affect the accuracy of sensors, several
factors were included in this section. The factors that could affect accuracy to some
extent include time elapse, temperature (°C), humidity (%), and concentrations of other
chemicals in the ambient environment such as NOz, NO.

Spatial differences such as indoor or outdoor, and different locations, can have
significant effects on the ambient ozone concentrations. As mentioned in 3.2.1, indoor
ozone concentrations tend to be lower than outdoor ozone concentrations in the same

home, probably due to the deposition of Os to indoor surfaces. This phenomenon was
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obvious in 7 homes except home 3 because of the fact the residents in home 3 opened the
doors and windows for some time to keep the indoor airflow during the sampling
period but other homes kept them close (Figures 18, 19).

The boxplots in Figure 20 gives a closer look at the distributions of indoor and
outdoor concentrations in different homes respectively. The crosses in the middle of the
boxes represent the means of the datasets. The lines represent the quantiles of the
dataset. And the size of the box represents the distribution of the data or the standard
deviation. Same as Figure 19, Figure 20 also shows that each average concentration of
indoor Os is lower than the outdoor Os concentration of the same home. And all outdoor
Os concentrations have higher variations or standard deviations than indoor

concentrations except home 3 which had windows open for most times.
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Figure 20 : Boxplots of all working sensors in 7 homes
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Generally, outdoor ozone concentration is regulated by three processes:
atmospheric transport, chemical production/destruction and losses to surface by dry
deposition (Monks et al., 2015). Research has shown that the spatial and temporal
distribution of ozone and its precursors are largely driven by the distribution of their
emissions. One of the reasons is the emissions of fossil fuels which introduce high
concentrations of ozone precursors such as VOCs and NOx. If the residential homes were
located near to the main traffic road or a construction site, the ambient Os concentrations
were supposed to have higher chances to be higher. However, Os could subsequently
react with VOCs or NOj, so that the ozone concentration may be reduced. Using the
reaction of NOx and Os as an example, NO could be oxidized in the troposphere to NOs..
The production of ozone in the troposphere relies fundamentally on the photolysis of
NO:a. Os could also convert NO into NO: (Monks et al., 2015). Moreover, some factors
may also lead to enhanced or reduced Os deposition. For example, ozone concentration
may be reduced close to the surface where soil emissions of NO are large. Some events
such as grass cutting, which releases reactive hydrocarbons, can also enhance ozone
deposition (Coyle, 2005; Monk et al., 2015). Therefore, to discuss the difference of ozone
concentrations should consider the effects of all these factors which may cause
significant variations of ozone concentrations.

Figure 21 presents the outdoor concentrations of 7 homes. Homes 1 and 6

relatively have highest values of outdoor ozone concentrations, whereas home 3 has the
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lowest values among them. Considering their geographical conditions, home 1isin a
busy area near to several large commercial centers and companies such as the Global
Trade Center at the third-ring in Beijing. Home 6 also locates next to a traffic road, and
moreover, a construction site is just next to their apartment. Home 3 is living in an
apartment neighborhood with very few traffic but only residence activities. These facts
indicate the importance of the emissions of ozone precursors. However, we are
supposed to combine emissions, destructions, and depositions in order to get more

specific results of ozone concentrations.
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Figure 21 : Outdoor concentrations of 7 homes
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3.2.3 Effects of temperature and humidity

It is widely acknowledged that a hot and dry condition would foster the
formation of ground-level ozone (Abdul-Wahab et al., 2005; Camalier et al., 2007).
Research has indicated that the pollution caused by ground-level ozone would become
worse with the increase of temperature, and in return drives temperature to be higher.
The research of Bloomer et al. (2009) confirmed that ground-level ozone would be higher
with higher temperature which was predicted to exacerbate photochemical smog which
was the main reactants of ground-level ozone. This may be because increasing
temperature could accelerate the reactions to form ozone. But it is more complex and
should be discussed further when considering the reaction rates of ozone destruction
(Rondon et al., 1993; Hogg et al., 2007). Humidity could also significantly affect the
concentration of ozone. One important reason is that humidity could affect the solubility
and deposition of ozone and ozone precursors. For example, high humidity may result
in the enhanced deposition of particles or large molecules such as VOCs and NOx via
aggregation, leading to less formation of ozone. But ozone deposition may be obstructed
because the formation of water film can significantly enhance the resistance of ozone
from deposition. So far, research has shown that ozone deposition over vegetated
surface can be either enhanced or suppressed by the presence of water film (Fuentes et
al., 1992; Padro, 1994; Coyle et al., 2009). Table 10 illustrates the correlation coefficients

(r) of calibrated sensor data with temperature and humidity. All sensors and
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temperature are positively correlated with an average correlation coefficient by 0.54.
While in this study, the sensors and humidity are negatively correlated with an average
correlation coefficient by -0.49.

Table 10 : Correlation coefficients (r) of calibrated sensor data and temperature (T) &

relative humidity (RH)
Sensors T RH

Reference 0.78 -0.56
Homel indoor 0.27 -0.22
Homel outdoor 0.55 -0.51
Home3 indoor 0.55 -0.58
Home3 outdoor 0.64 -0.55
Home4 indoor 0.81 -0.68
Home4 outdoor 0.76 -0.73
Home5 outdoor 0.13 -0.20
Home6 indoor 0.41 -0.34
Home6 outdoor 0.48 -0.39
Home7 outdoor 0.61 -0.58

Average 0.54 -0.49

3.3 Factors Affecting Accuracy of Sensors

Changes in ambient conditions such as temperature and relative humidity (RH)
are known in principle to affect the sensitivity and accuracy of the sensors (Hitchman et
al., 1997; Mead etc., 2013). To consider the factors that could affect the accuracy of
sensors, several factors including temperature (°C ), humidity (%), time elapse, and
concentrations of other chemicals (NO2) were discussed in this section. We could further

determine if those factors should or should not be concluded in calibration of raw data.
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3.3.1 Temperature

The electrochemical gas sensors are sensitive to ambient temperature. The
sensitivity (nA/ppm) changes by typically +0.1 to +0.3%/K, while the zero current is
effectively constant at temperatures below 30°C (Alphasense Ltd, 2013). Within the
range of normal ambient temperature which usually changes from 10°C to 40°C in
summer, the sensitivity changes by 95% to 110% (Alphasense Ltd, 2013).

The relation of ozone concentrations and temperature was confirmed with
positive correlations of sensors and temperature in 3.1.6. Concerning the effects of
temperature which could exacerbate the situation of ozone pollution, it was essential to
discuss whether the accuracy of sensors would decrease with the increase of
temperature, and whether we should include the temperature as an independent
variable in multilinear regression to calibrate sensor data. Errors were calculated as the
difference between sensor data and reference (sensor data — reference data) which were
monitored at the same time. Errors were introduced as an indicator of how much the
sensor data differed from reference, which in certain extent indicated the accuracy of the
sensor raw data before calibration.

However, after calibration, the trendlines of errors with temperature increasing
are flat and close to zero (Figure 22). The reason is that the sensor data is calibrated
based on reference data and the calibrated errors are the difference of the calibrated data

and the reference, thus the difference should be near to zero and the variation of errors
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was flat. Table 11 shows the intercepts, slopes and R? of the correlation of calibrated
errors and temperature, with an average R? as 0.04 which is very low. This result
confirms that the method of calibration based on single linear regression is reasonable,
as the effects of temperature on the performance of sensors are not significant and can be

eliminated after calibrating raw data.
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Figure 22: Comparisons of errors of calibrated data and temperature (TempC)

Table 11: Parameters of regressions of calibrated errors and temperature

Sensors

Intercept (ppb)

Slope R?

Home 1 indoor -7

0.2 0.00

Home 1 outdoor

0.3 0.01

Home 3 indoor

0.3 0.03

Home 3 outdoor

0.8 0.12

Home 4 indoor

1.0 0.15

Home 4 outdoor

0.4 0.04

Home 5 outdoor

0.1 0.00




Home 6 indoor -8 0.2 0.01
Home 6 outdoor -7 0.1 0.00
Home 7 outdoor -13 0.4 0.05

Average -13 0.4 0.04

3.3.2 Humidity

According to the sensitivity information given by manufacturer, these
electrochemical gas sensors have high selectivity, sensitivity, and dynamic range,
containing sulfuric acid electrolyte for ionic transport (Alphasense Ltd, 2013). To control
the influences of humidity on the performances of the sensors, the electrolyte will lose
water in low humidity and gain water in high humidity to keep balance. Figure 18
shows how the sensor loses weight in low humidity and gains weight in high humidity
at room temperature 20 °C . The sensors are specified to operate in the humidity range of
15% to 90% RH. The weight gain/loss is expected to be -0.25 g to +0.20 g, and the
sensitivity for sensors would remain higher than 80% during dehydration at 0% RH. It is
said the sensors are guaranteed to be constantly sensitive and reliable within the range

according to the manufacturer’s website (Alphasense Ltd, 2013).
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Figure 23: Sensor weight gain/ loss when subjected to humidity extremes (Alphasense
Ltd, 2013)

However, potential risk is that the absorption of water may cause the decrease of
sensor accuracy and sensitivity, so that we further discussed how the errors before and
after calibration changes when the humidity is changing. Figure 24 shows the scattered
plots and the trendlines. It indicates the negative correlation of errors of sensor data
before calibration and humidity. Generally, same as the trends of ground-level ozone
changing with humidity, the errors of sensor data before calibration tend to decrease
when the humidity increasing and increase if the humidity decreases. However, after
calibration, the relations of errors and humidity are flat and close to zero which are the

same as the effect of calibration on the relations of the errors and temperature (Figure
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23). Table 12 also presents the parameters (intercepts, slopes, R?) of regressions of

calibrated errors and humidity. The average R?is 0.06 which is low enough to tell there

is no significant impact of humidity on errors. This result also confirms that the

calibration based on single linear regression is reasonable, as the effects of humidity on

the performance of sensors after calibration are not significant and can be eliminated

after calibrating sensor data.
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Figure 24: Comparisons of errors of calibrated data and relative humidity (RH%)

Table 12: Parameters of regressions of calibrated errors and humidity

Sensors

Intercept (ppb)

Slope | R?

Home1 indoor

11

-0.2 1 0.01

Homel outdoor

2

0.0 | 0.00

Home3 indoor

10

-0.2 | 0.08

Home3 outdoor

17

-0.3 | 0.13

Home4 indoor

18

-0.3 1 0.14

Home4 outdoor

11

-0.2 1 0.09

Homeb5 outdoor

0

0.0 | 0.00

Home6 indoor

10

-0.2 | 0.07
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Home6 outdoor -2 0.0 | 0.00
Home7 outdoor 11 -0.2 | 0.09
Average 9 -0.2 | 0.06

3.3.3 Ozone Ambient Concentration

When sensors are monitoring ambient concentrations of ozone, different levels of
ozone concentration may affect the accuracy of sensors. However, the errors are low and
closer to 0 and less fluctuate after calibration. The average R? of regressions of calibrated
errors and ozone concentrations has dropped to 0.06 (Table 13). As discussed in
previous sections, errors after calibration should be 0, because the purpose of calibration
is to eliminate the effects of external factors. Thus, the correlation coefficients of
calibrated errors and calibrated ozone concentrations should be nearly 0. Figure 25
confirms that most trendlines of sensors after calibration are flat and close to zero. This
supports the assumption that the accuracy of the sensors should not be affected by

external factors like ozone concentration. This confirms that our calibration method was

effective.
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Figure 25: Plots of calibrated errors (y) vs calibrated ozone concentration monitored
by sensors (x)

Table 13: Parameters of calibrated Os concentrations and errors

Sensors Intercepts (ppb) | Slope R?
Homel indoor -10 0.2 0.08
Homel outdoor -8 0.1 0.12
Home3 indoor -4 0.0 0.01
Home3 outdoor -7 0.1 0.15
Home4 indoor -7 0.1 0.12
Home4 outdoor -5 0.0 0.01
Home5 outdoor -1 0.0 0.03
Home6 indoor -4 0.0 0.02
Home6 outdoor -6 0.0 0.00
Home7 outdoor -5 0.1 0.09

Average -6 0.1 0.06

3.3.4 Time

It is suspected that the accuracy would decrease during the time period when the
sensor is continuously running. In the other words, with time going on, the errors are
expected to increase. However, Figure 26 shows the relations of errors of calibrated data

and time are weak because most trendlines are almost flat and close to zero. Meanwhile,
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the errors severely fluctuate during that period of time and this circumstance could

result from the effects of temperature, humidity, and ozone concentrations.
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3.3.5 NO2 Concentration

The formation of ground-level ozone is mainly because of the existence of NO,
VOCs, and UV light. NO: could continuously react with Os and form the products NOs
and Oz (World Health Organization, 2006). The concentration of NO2 at the ground level
is suspected to not only affect the ground-level ozone concentration but also influence
the accuracy of ozone sensors. However, it is obvious that the NO: concentration is not
well correlated with Os concentration with a low correlation coefficient as 0.01 in this
study (Table 14), for the reason that not only NO: could react with Os theoretically but
also Os could convert NO into NO: as well. NO: is the source and sink of ozone, which is
complicated to identify the exact trend of the relation of NOz and O:s.

Table 14: Correlation coefficient (r) of calibrated NO: with temperature,
relative humidity, and calibrated ozone concentration

Sensors Temperature Relative humidity Calibrated ozone
Homel indoor -0.45 0.44 0.25
Homel outdoor -0.03 0.00 -0.19
Home3 indoor -0.20 0.22 0.03
Home3 outdoor -0.28 0.17 0.05
Home4 indoor -0.36 0.45 -0.05
Home4 outdoor -0.36 0.18 0.01
Home5 outdoor -0.32 0.05 0.15
Home6 indoor 0.02 0.23 0.22
Home6 outdoor -0.39 0.33 -0.22
Home7 outdoor -0.03 -0.06 -0.11

Average -0.24 0.21 0.01

Table 15 is the list of main parameters of the linear regressions of the reference
and NO: sensor data when the sensors were collocated at PKU before and after field

study. The average R? of pre-collocation period is as low as 0.15, while the mean of post-
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collocation period is 0.26, both of which are too low to indicate significant positive

correlation between NO: sensor data and the reference. After calibration, all slopes are

turned into 1 and the intercepts are near 0. The average R?is still low as 0.14 (Table 16).

Table 15: Main parameters of collocation linear regression before and after field study

Pre-collocation

Post-collocation

Sensors Intercept | R Intercept | R? ﬁ\t/:rrgget (bpb) ,Sbl\g/egage
(ppb) slope (ppb) sope PHPP P
Homel indoor | 13 0.5 0.17 8 1.0 0.51 12 0.6
Homel outdoor | -5 05 0.22 6 0.7 0.50 5 0.3
Home3 indoor | 49 0.5 0.20 39 0.7 0.27 43 0.7
Home3 outdoor | 20 0.4 0.19 23 0.7 0.36 24 0.4
Home4 indoor | 34 0.1 0.01 43 0.1 0.00 40 0.0
Home4 outdoor | 31 0.4 0.16 48 0.5 0.15 44 0.1
Home5 outdoor | NA NA NA 39 0.3 0.24 39 0.3
Home6 indoor | 28 0.3 0.11 11 0.3 0.11 16 0.6
Home6 outdoor | 18 0.7 0.24 29 0.9 0.42 27 0.5
Home7 outdoor | 18 0.2 0.04 18 0.2 0.04 18 0.2
Average 23 0.4 0.15 26 0.5 0.26 27 0.4

Table 16: Main parameters in collocation linear regression of calibrated NO2
concentrations compared to reference

Sensors intercept | slope | R?
Homel indoor 0 1.0 0.24
Homel outdoor 0 1.0 0.07
Home3 indoor 0 1.0 0.31
Home3 outdoor 0 1.0 0.13
Home4 indoor 0 1.0 0.00
Home4 outdoor 0 1.0 0.01
Home5 outdoor 0 1.0 0.24
Home6 indoor 0 1.0 0.25
Home6 outdoor 0 1.0 0.13
Home7 outdoor 0 1.0 0.05

Average 0 1.0 0.14
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The scattered plots after calibration (Figure 27) show that the trendlines are flat
and the slopes of regression are about 0. The average R? of calibrated NO: concentrations
and errors is 0.15 (Table 17). It further indicates that calibrated ozone data would
unlikely change when the ambient NO: concentrations are changing (Figure 27). It is
reasonable that the influence of NO: concentrations should not be included in the linear
regression calibration because the changes of ambient NO: concentrations do not

significantly affect the accuracy of the sensors.
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Figure 27: Comparisons of errors of calibrated Os data and calibrated NO:
concentration

Table 17: Parameters of calibrated NO: concentrations and errors

Sensors Intercept (ppb) Slope R?
Homel indoor -5 0.1 0.01
Homel outdoor -2 0.1 0.09
Home3 indoor -6 0.2 0.08
Home3 outdoor -5 0.3 0.24
Home4 indoor 0 0.0 0.00
Home4 outdoor -5 0.0 0.02
Home5 outdoor -3 0.2 0.44
Home6 indoor -1 0.0 0.00
Home6 outdoor -7 0.2 0.10
Home7 outdoor -3 0.2 0.48

Average -4 0.1 0.15

4. Conclusions

Our main objective in this study was to determine how the low-cost real-time

ozone sensors would perform in monitoring ozone concentrations. We tested the
performance of sensors in different aspects. Before and after running in 7 residential
homes, all sensors were collocated at the roof of a building in PKU campus. After

cleaning data by removing outliers (covering 98% of original data), cleaned sensor data
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was compared with the reference data which was provided by PKU in pre- and post-
collocation periods by applying best-fit simple linear regressions. Calibration was based
on the results of two collocation periods.

Most sensors performed well with high R? of correlations of working sensors and
reference, about 0.63~0.91 (pre-collocation, average value is 0.83) and 0.72~0.96 (post-
collocation, average value is 0.91). Based on the best-fit linear regression when
compiling both pre- and post-collocation periods, each cleaned sensor data was
calibrated and further compared with the reference data. After averaging the slopes and
intercepts of those formulas, an averaged formula was Os.sensor=1.2*Os.reference+4.
Most R? were high ranging from 0.85 to 0.97 which confirmed the high correlations of
calibrated data and reference. After applying calibration, the sensors are able to measure
Os within +17 ppb. After comparing regression formulas of indoor/outdoor sensors
before and after calibration with reference, the results clearly show that concentrations
monitored by sensors are credible with high R? (around 0.8~0.9), low intercepts (lower
than 10 ppb), and relatively ideal slopes (about 1). It is also shown that the
concentrations measured by sensors without calibration are likely to be higher than
calibrated or real concentrations. Additionally, the indoor and outdoor sensors of the
same home when they were collocated at PKU were consistent with R? as high as 1.0. It
indicates the systematic uniformity and consistency and eliminates the influences that

may be caused by sensors themselves on the differences of sensor data.
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When determining the factors that affect the ozone concentrations monitored by
the sensors, we identified the effectiveness of filter intervention, recognized spatial
differences indoors and outdoors and the difference of the locations of 7 homes, and
discussed the effects of temperature and humidity. In most homes, the sensors
effectively showed that ozone concentrations were likely to be lower when air filtration
was on than the concentrations when the filter was off. And, indoor concentrations are
significantly lower than outdoor concentrations for most homes except home 3 in which
the windows were kept open for most sampling time. In average, outdoor
concentrations are 29 ppb ~ 44 ppb higher than indoor concentrations. According to the
working personal sensor (home 5 personal sensor), personal exposure is about 33 ppb
which indicates a higher average Os exposure compared to outdoor concentration
(average home 5 outdoor concentration is about 19 ppb). Also, the spatial and temporal
distribution of ozone and its precursors are largely driven by the distribution of their
emissions as well as their decomposition and deposition. Among 7 homes, homes 1 and
6 relatively have highest values of outdoor ozone concentrations, whereas home 3
clearly has the lowest values among them. Moreover, it is widely acknowledged that a
hot and dry condition would foster the formation of ground-level ozone. All sensors and
temperature are positively correlated with an average correlation coefficient by 0.54.
While in this study, the sensors and humidity are negatively correlated with an average

correlation coefficient by -0.49.
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To further test the accuracy of the sensors, error was introduced as the difference
of sensor data and reference monitored at the same time to test if the accuracy could be
affected by several factors such as temperature, humidity, ozone concentration, time
elapse, and NO: concentration. After calibration, the relations of errors and those factors
became insignificant, because calibrations eliminated the influence of external factors on
the performance of the sensors, which agreed with our objective of calibration. Thus, this
further confirmed that calibration based on the best-fit linear regression of the sensors
and the reference when collocated was valid on the data during the whole sampling
period. The performance of sensors is credible because the results monitored by sensors
would not be affected by those external factors after we apply calibration on them.

However, some problems still existed and further study should be done. Some
sensors, including home?2 indoor, outdoor and personal, home 5 indoor, home?7 indoor,
and home 4 personal sensors, didn't perform well in this period with low or modest
correlation with reference data and no obvious trends shown compared with the
reference. Also, missing data sometimes occurred which should be prevented later.
Reasons were under consideration, the major one of which was the connection problem.
Further research and experiments should be conducted to make connections more stable

in the future study, in order to ensure better performance with no missing data.
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