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Abstract

In highly polluted cities, many residents seek to reduce their personal exposure to

air pollutants. However, over the course of a day, people spend time in a variety of

micro-environments (e.g., different rooms in their home, at school or work, in vehicles,

outdoors), making it challenging to prioritize actions to reduce exposure. In China,

air purifiers are a common mitigation strategy. The impacts of air purifiers on indoor

air quality and personal exposure can differ greatly in real-world settings depending

on the participants behavior, the home environment, and the selected purifier. This

work uses low-cost monitors to compare the impacts of air filtration on indoor air and

personal exposure. Before deploying low-cost monitors, steps were taken to ensure

data quality. First low-cost air monitors were evaluated against reference measure-

ments in multiple field locations (i.e. Atlanta, Hyderabad, Beijing, and Shanghai),

and then various calibration methods were developed to reduce monitor error and

bias. Results highlight the need to calibrate low-cost monitors under the same con-

ditions in which they will be deployed, and illustrate methods to reduce error that

will allow low-cost monitors to make powerful insights into addressing additional air

quality issues in the future. After evaluation and calibration, low-cost air monitors

were installed indoors (in study participants bedrooms) and outdoors. Additionally,

monitors were worn by study participants to measure personal exposure. To evaluate

the impacts of bedroom air filtration, participants in Beijing (N=7 adult partici-

pants) and Shanghai (N=43 child participants) had filtration devices set up in their

bedrooms. During the study, all participants experienced both true and sham (i.e.,

placebo, with the filters removed) filtration. Personal exposure to O3 was significantly

lower than ambient levels due to low indoor concentrations. However, few conclusions

can be drawn about the impacts of filtration on O3 and the micro-environmental ex-
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posure to O3 since indoor concentrations were so often below the detection limit of

our monitors (6 ppb). Measurements suggested that indoor PM2.5 was primarily of

outdoor origin (75%). Purifiers significantly reduced bedroom PM2.5 concentrations

by 70% and 78% during true filtration in Shanghai and Beijing, respectively. The re-

duction to personal exposure was less prominent, but still significant (Shanghai=24%

and Beijing=36%). Average personal exposure during true filtration was 31 µg m−3

in Beijing and 26 µg m−3 in Shanghai. Both averages are above the World Health

organization 24-hour standard of 25 µg m−3 and many individual 24-hour personal

exposure averages are much higher than those averages. The largest time-weighted

exposure to PM2.5 occurred in the bedroom during sham filtration since children

spent the most time there and this suggests that the bedroom is the most important

environment to tackle to reduce personal exposure. True filtration reduced the con-

tribution of the bedroom micro-environment below that of the classroom and other

rooms at home, highlighting that the classroom and other home environments should

be the next-microenvironments to be addressed for exposure reduction. These results

highlight the importance of reducing outdoor PM2.5 levels, but show that Chinese

residents can reduce their PM2.5 exposure by installing an effective air purifier in

the indoor environment where they spend the most time. Reductions in multiple

micro-environments through additional filtration or other interventions are likely re-

quired to further reduce exposure to PM2.5 to below the World Health Organization

guideline.

v



Acknowledgements

I owe my growth both professionally and personally to a number of people I have

encountered during the past few years.

First I would like to thank my committee, including my advisor, Mike Bergin

and my committee members Jim Zhang, Heather Stapleton, and Marc Dehssusses.

I would like to also thank Ted Russell for his support during my time at Georgia

Tech and to Gayle Hagler for her support while I worked at EPA and throughout my

graduate school career.

I would like to thank all the other members of Mike Bergin’s lab (Heidi Vreeland,

Christina Norris, Tongshu Zheng, Michael Valerino, Meichen Liu, Jaidevi Jeyaraman,

Jason Hu). A special thank to all of our undergraduate (and high school) researchers

(Joshua Drawbaugh, Jaya Pokuri, Xavier Boudreau, Alan Guo, Jenna Israel, Thomas

Lai, Morgan Ringel, Steven Yang, Serena Liu, Vera Xu, Lucy Zhang, Melissa French,

Arilia Frederick, Cary Shindell, Ryan Briggs, Thomas Klug, Daniel Wu, Shiyan Ma,

Joshua France, and Francesca Metcalf) for helping me to develop, assemble, and

deploy equipment for all of our field campaigns. I would like to thank all of the

other professors, graduate students and post-docs I worked with during my time at

Georgia Tech and Duke as I could not have made it here without your knowledge

and support.

The work in India and Atlanta was made possible by the NSF PIRE grant 1243535

and EPA Star grant R83503901. Thanks to Rodney Weber and Laura King at Georgia

Tech and to Julian Marshall at the University of Minnesota for their support on the

project.

The work in China was funded by a grant from Underwriters Laboratory (UL)

and supported in part by a grant from the National Natural Science Foundation of

vi



China (51420105010). Thank you to all of my collaborators at Tsinghua University

including Yingping Zhang and his group (Lin Fang, Jinhan Mo, Jingya Wei, Jiaqi

Sun) and Peking University including Min Hu and Yusheng Wu. I am especially

thankful to Zhen Li and all of the staff, students, and residents at Shanghai People’s

First Hospital in Songjiang who helped us to recruit and visit all our study subjects

homes. I would like to thank all of our study subjects for participating in the study

and welcoming us into their homes to take measurements. Thank you to Donghong

Chen and the staff of Qingpu Environmental Monitoring station for access to their

monitoring site and for providing the data from our study period. Thanks to the

members of Jim Zhang’s lab (Xiaoxing Cui and Linchen He, at Duke and Yanbo

Teng at Duke Kunshan) for their support throughout the project. I thank Amway

(China) Co., Limited, for lending the air purifiers for use in this study; however, the

company had no involvement in study design.

Finally I am thankful for my family- to my mom for inspiring me to be an engineer,

to my dad for showing me how important it is to be always curious, to my sister for

always being there for me. I am thankful for extended family, my friends, and my

church family at Watts Street for encouraging me along the way. Last but not least

I am so grateful for my fiance Zachary Barker for supporting me throughout my

graduate school journey even when we were in different parts of the country and

world.

vii



Contents

Abstract iv

Acknowledgements vi

List of Figures xii

List of Tables xiv

1 Introduction 1

1.1 Air pollution and health . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.2 Exposure to air pollution . . . . . . . . . . . . . . . . . . . . . . . . . 2

1.3 Reducing exposure to air pollution: use of air purifiers . . . . . . . . 3

1.4 Low-cost air sensors . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

1.5 This work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

1.5.1 Collaborative work . . . . . . . . . . . . . . . . . . . . . . . . 5

2 Field test of several low-cost particulate matter sensors in high
and low concentration urban environments 8

2.0.1 Co-author contribution . . . . . . . . . . . . . . . . . . . . . . 8

2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

2.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

2.2.1 Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

2.2.2 Sensor Configuration . . . . . . . . . . . . . . . . . . . . . . . 12

2.2.3 Sensor Calibration and Evaluation . . . . . . . . . . . . . . . 17

2.2.4 Laboratory Evaluation: Experimental Design . . . . . . . . . 20

2.2.5 Field Evaluation: Sampling Locations . . . . . . . . . . . . . . 21

2.3 Results and discussion . . . . . . . . . . . . . . . . . . . . . . . . . . 23

viii



2.3.1 Laboratory Comparison . . . . . . . . . . . . . . . . . . . . . 23

2.3.2 Ambient Concentration Comparisons: Atlanta Roadside . . . 25

2.4 Results and Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . 26

2.4.1 Laboratory Comparison . . . . . . . . . . . . . . . . . . . . . 26

2.4.2 Low Concentration Comparison of Laboratory and Field Results 33

2.4.3 High concentration comparison of Lab & Field Results . . . . 34

2.4.4 Differences between Field Site Results . . . . . . . . . . . . . 35

2.5 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

3 Low-cost sensor methods for quantifying the effects of indoor air
filtration on indoor air quality and personal exposure in Beijing,
China 40

3.0.1 Co-author contribution . . . . . . . . . . . . . . . . . . . . . . 40

3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

3.2 Materials & Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

3.2.1 Study overview . . . . . . . . . . . . . . . . . . . . . . . . . . 43

3.2.2 Purifier operation . . . . . . . . . . . . . . . . . . . . . . . . . 44

3.2.3 Monitor design . . . . . . . . . . . . . . . . . . . . . . . . . . 44

3.2.4 Monitor calibration . . . . . . . . . . . . . . . . . . . . . . . . 46

3.3 Results and Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . 47

3.3.1 Monitor calibration . . . . . . . . . . . . . . . . . . . . . . . . 47

3.3.2 Influence of indoor filtration on indoor PM2.5 . . . . . . . . . . 54

3.3.3 Influence filtration on personal exposure to PM2.5 . . . . . . . 59

3.4 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

4 Low-cost sensor methods for evaluating exposure to PM2.5 and
O3 and the impacts of indoor air filtration in Shanghai 66

ix



4.0.1 Co-author contribution . . . . . . . . . . . . . . . . . . . . . . 66

4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66

4.2 Materials and methods . . . . . . . . . . . . . . . . . . . . . . . . . . 69

4.2.1 Study design . . . . . . . . . . . . . . . . . . . . . . . . . . . 69

4.2.2 Subject recruitment . . . . . . . . . . . . . . . . . . . . . . . . 69

4.2.3 Air purifier . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70

4.2.4 Air monitoring plan . . . . . . . . . . . . . . . . . . . . . . . . 71

4.2.5 Low-cost air monitor design . . . . . . . . . . . . . . . . . . . 72

4.2.6 Reference measurements . . . . . . . . . . . . . . . . . . . . . 74

4.2.7 Indoor to outdoor and personal to outdoor ratios . . . . . . . 76

4.2.8 Regression of indoor on outdoor concentrations . . . . . . . . 76

4.2.9 Comparison statistics between true and sham . . . . . . . . . 77

4.3 Results and Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . 78

4.3.1 Monitor calibration and performance . . . . . . . . . . . . . . 78

4.3.2 Outdoor PM2.5 and O3 across the study area . . . . . . . . . . 86

4.3.3 Indoor PM2.5 concentrations . . . . . . . . . . . . . . . . . . . 91

4.3.4 Personal exposure to PM2.5 . . . . . . . . . . . . . . . . . . . 94

4.3.5 Indoor ozone . . . . . . . . . . . . . . . . . . . . . . . . . . . 96

4.4 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 99

5 Childrens personal exposure to PM2.5 and Ozone by Micro-environment
in Shanghai, China 102

5.0.1 Co-author contribution . . . . . . . . . . . . . . . . . . . . . . 102

5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 102

5.2 Materials and Methods . . . . . . . . . . . . . . . . . . . . . . . . . . 105

x



5.2.1 Study design . . . . . . . . . . . . . . . . . . . . . . . . . . . 105

5.2.2 Air monitors . . . . . . . . . . . . . . . . . . . . . . . . . . . . 105

5.2.3 Micro-environmental location data . . . . . . . . . . . . . . . 106

5.2.4 Merging data sets . . . . . . . . . . . . . . . . . . . . . . . . . 106

5.3 Results and Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . 107

5.3.1 PM2.5 personal exposure results . . . . . . . . . . . . . . . . . 107

5.3.2 O3 personal exposure results . . . . . . . . . . . . . . . . . . . 120

5.4 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 128

6 Conclusions 130

Bibliography 134

Biography 148

xi



List of Figures

2.1 Shinyei opperating principle and internal view . . . . . . . . . . . . . 13

2.2 Shinyei air monitors . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

2.3 PM2.5 concentration ranges . . . . . . . . . . . . . . . . . . . . . . . . 20

2.4 Chamber test using puff of incense smoke . . . . . . . . . . . . . . . . 21

2.5 Atlanta roadside time series Shinyei sensor vs. TEOM . . . . . . . . . 25

2.6 Hyderabad, India Shinyei PM sensors comparison vs. E-BAM . . . . 29

2.7 PPD60PV raw and calibrated output . . . . . . . . . . . . . . . . . . 33

2.8 Comparison of low concentration data . . . . . . . . . . . . . . . . . 35

2.9 High concentration Hyderabad and lab comparison . . . . . . . . . . 36

3.1 All air monitor components in indoor/outdoor sampling case. . . . . . 45

3.2 PM2.5 time-series for 7 homes . . . . . . . . . . . . . . . . . . . . . . 60

3.3 Relationship between personal and outdoor measurements . . . . . . 63

4.1 Home locations across Songjiang (blue). . . . . . . . . . . . . . . . . 70

4.2 Personal monitor and monitor calibration . . . . . . . . . . . . . . . . 74

4.3 PM2.5 and O3 concentrations, and temperature and relative humidity
over project duration . . . . . . . . . . . . . . . . . . . . . . . . . . . 79

4.4 Comparison of filter-based and monitor PM2.5 measurements . . . . . 83

4.5 Across city correlation of pollutants . . . . . . . . . . . . . . . . . . . 87

4.6 Ratio between home pollutant measurements and Qingpu station mea-
surements . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89

xii



4.7 Daily patterns of PM2.5 and O3 . . . . . . . . . . . . . . . . . . . . . 90

4.8 PM2.5 indoors, indoor to outdoor ratios (I/O) for each home, and the
reduction in I/O . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 92

4.9 Personal exposure concentrations of PM2.5, personal exposure to out-
door ratios of PM2.5, and reductions in P/O . . . . . . . . . . . . . . 95

4.10 O3 indoors, I/O, and filtration reductions . . . . . . . . . . . . . . . . 98

4.11 Personal exposure to O3, P/O, and filtration reductions . . . . . . . . 100

5.1 Hours of PM2.5 personal exposure data . . . . . . . . . . . . . . . . . 110

5.2 Average PM2.5 exposure . . . . . . . . . . . . . . . . . . . . . . . . . 117

5.3 Exposure contribution to PM2.5 by micro-environment . . . . . . . . 118

5.4 One-hour O3 concentrations by micro-environment. . . . . . . . . . . 124

5.5 Average O3 exposure for each child . . . . . . . . . . . . . . . . . . . 126

5.6 Micro-environmental exposure contribution to O3 . . . . . . . . . . . 127

xiii



List of Tables

2.1 Low-cost Shinyei PM sensors discussed in this chapter. . . . . . . . . 12

2.2 Field locations, dates, reference instruments, and sensors deployed. . . 22

2.3 Laboratory Dustrak comparison . . . . . . . . . . . . . . . . . . . . . 24

2.4 Shinyei PM sensor calibrations and accuracy in Hyderabad . . . . . . 31

3.1 Monitor calibration results . . . . . . . . . . . . . . . . . . . . . . . . 48

3.2 Indoor and outdoor PM2.5 concentrations, indoor to outdoor ratios
(I/O), and filtration reduction . . . . . . . . . . . . . . . . . . . . . . 54

3.3 Effective infiltration factors and effective indoor sources . . . . . . . . 58

3.4 Relationship between personal, indoor, and outdoor PM2.5 concentra-
tions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

4.1 48-hour filter and monitor measured PM2.5 comparison . . . . . . . . 82

4.2 Filtration effect on effective infiltration factor and effective indoor source 91

4.3 Impacts of filtration on O3 . . . . . . . . . . . . . . . . . . . . . . . . 97

5.1 Hours of PM2.5 data in each micro-environment . . . . . . . . . . . . 108

5.2 Average PM2.5 concentrations in each micro-environment . . . . . . . 113

5.3 Exposure contribution to PM2.5 by micro-environment . . . . . . . . 119

5.4 Hours of O3 data in each micro-environment . . . . . . . . . . . . . . 122

5.5 Average O3 concentration in each micro-environment. . . . . . . . . . 123

5.6 Micro-environmental contribution to exposure to O3 . . . . . . . . . . 128

xiv



Chapter 1

Introduction

1.1 Air pollution and health

Environmental pollution and specifically air pollution is one of the leading causes

of disease and premature death in the world today [Landrigan et al., 2018]. Fine

particulate matter (PM2.5) and ozone (O3) are two of the largest contributors to this

burden of morbidity and mortality [Landrigan et al., 2018]. Recent work has shown

that not only does air pollution impact respiratory and cardiovascular health, but it

also impacts intelligence [Zhang et al., 2018b] and the productivity of individuals and

societies as a whole[Zivin and Neidell, 2018]. Air pollution can impact human health

over the entire life-course. This starts with effects on maternal health pre-conception

- effects which can subsequently affect a child throughout the entire life-time [Robledo

et al., 2015, Wang et al., 2019] - and continues into old age, when people are especially

vulnerable to air pollution [Zhang et al., 2018b]. In addition to its contributions to

morbidity, air pollution can lead to pre-mature mortality [Landrigan et al., 2018].

Certain populations are particularly sensitive to air pollution. This includes people

with pre-existing conditions like asthma [Orellano et al., 2017], those who are active

outdoors [Li et al., 2015], and children whose lungs and bodies are still developing

[Shannon et al., 2004].

Although some areas of the US have high air pollutant concentrations that are

out of attainment of the US air quality standards [EPA, 2013], many cities outside

of the US have much worse air pollution with concentrations in some cases orders
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of magnitude higher [Tiwari et al., 2015, Health Effects Institute, 2010, Gong et al.,

2018, Zhao et al., 2018, Nuvolone et al., 2018, Hammond et al., 2014, de Nazelle

et al., 2013].

1.2 Exposure to air pollution

Air pollution has diverse sources but no matter the origin of the pollution, most

exposures occur indoors [Zhang et al., 2013] as people today spend most of their time

indoors (>80%) [Wang et al., 2008]. Personal exposure to air pollution depends not

only on the outdoor air pollutant levels but also on the air pollutant levels in all

micro-environments visited over the course of the day [Lim et al., 2012, de Nazelle

et al., 2013]. Outdoor air pollutant levels are often not a good indicator for personal

exposure [Niu et al., 2018, Oglesby et al., 2000]. Error in exposure classification

during health studies can mask the associations between air pollution and health

and can make it harder to identify effective exposure reduction strategies [Suh and

Zanobetti, 2006, Goldman et al., 2011].

A number of previous studies have characterized the micro-environmental expo-

sure of people in China and of asthmatic children and youth world-wide [Niu et al.,

2018, Du et al., 2010, Zuo et al., 2018, Tang et al., 2018, Lei et al., 2016, Chen

et al., 2018a]. Time-weighted exposure to O3 has seldom been studied previously,

as typical measurement methods include passive diffusion samplers which are time-

integrated for the full exposure and often need an extended sampling time [Karakat-

sani et al., 2017, Kerckhoffs et al., 2015]. No previous studies have explored the

micro-environmental exposure of children to PM2.5 and O3 in Shanghai.
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1.3 Reducing exposure to air pollution: use of air

purifiers

Reducing ambient air pollution and personal exposure has the potential to signifi-

cantly impact health [Maji et al., 2018]. Many residents of polluted cities are aware

of the risks of exposure to air pollution and seek actions to reduce their personal

exposure [Oltra and Sala, 2018]. Air purifiers are a common intervention to reduce

indoor air pollution [Wang et al., 2016, Sun et al., 2017]. Previous work has shown

that air filtration can reduce indoor PM concentrations and can be beneficial to

health [Cui et al., 2018, Fisk, 2013, McDonald et al., 2002, Chen et al., 2015] but

the performance of purifiers varies depending on the device and the environment in

which it is deployed [Zhang et al., 2011]. Interventions must be carefully evaluated

in real-world settings to determine the most effective ways to reduce exposure to

harmful air pollutants.

1.4 Low-cost air sensors

In the past decade a number of low-cost air sensors have entered the market. These

sensors have a number of advantages over their conventional counterparts including

portability and the ability to set up a large number of sensors for the cost of a single

reference air monitor [Snyder et al., 2013]. However, they also have a number of

challenges associated with accuracy due to their lower cost and often more simplistic

monitoring techniques. The monitoring techniques used, along with the lack of infor-

mation provided by manufacturers, mean that sensors must be thoroughly evaluated

in the desired location and application to ensure acceptable data quality [Snyder

et al., 2013, Jiao et al., 2016, Zheng et al., 2018, Johnson et al., 2018, Morawska
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et al., 2018, Feinberg et al., 2018]. Often times these sensors are offered as a stand

alone component by manufacturers that must be assembled into a custom air mon-

itor. The complexities in assembling air sensors into appropriate air monitors can

further complicate the process of performance evaluation. After proper calibration

and performance evaluation, low-cost air monitors can be deployed to answer a num-

ber of high priority air pollution research questions. These monitors can be used

to provide ambient air pollution data points beyond those available from existing

reference monitors, to understand indoor micro-environments better, and to collect

personal exposure data. Through the use of these sensors, important and previously

lacking information can be collected and provided to key stake holders interested in

identifying the best approaches to reduce air pollution and to minimize exposure to

air pollution [Koehler and Peters, 2015]. Few studies to date have been undertaken

to both effectively calibrate and evaluate the performance of sensors and to use these

sensors to answer real-world questions.

1.5 This work

This work aims to develop, evaluate and calibrate a low-cost air monitor and to

use this monitor to determine the impacts of portable air filtration on indoor air

quality and personal exposure. This will be accomplished in 4 chapters (chapters

2-5). The second chapter covers basic testing of a prototype air monitor based on

Shinyei PM sensors. The third chapter summarizes findings from a pilot project

in Beijing exploring the impacts of air purifiers on indoor and personal exposure

to PM2.5. The fourth chapter explores the results from a similar project where the

impacts of air purifiers on indoor and personal exposure to O3 and PM2.5 are explored.

Lastly, the fifth chapter dives deeper into the data set analyzed during chapter 4 and
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explores which micro-environment contributes the most to the personal exposure of

our study subjects. A more in depth introduction will be provided at the beginning

of each chapter.

1.5.1 Collaborative work

Chapters 2-5 in this dissertation represent multi-authored articles published, submit-

ted or in preparation for publication. Collaborating authors and their roles have been

listed for each chapter in the following sub sections.

Chapter 2: Field test of several low-cost particulate matter sensors in high

and low concentration urban environments

This chapter is a reformatted version of a published paper (as cited below). Permis-

sion has been obtained to reprint the article in this format.

Johnson, K. K., Bergin, M. H., Russell, A. G., and Hagler, G. S.(2018). Field test

of several low-cost particulate matter sensors in high and low concentration urban

environments. Aerosol and Air Quality Research, 18(3):565578.

Karoline Johnson: Design of the work, data collection, data analysis and inter-

pretation, drafting the article, final approval of the version to be published

Michael Bergin: Design of the work, data interpretation, critical revision of the

article, final approval of the version to be published

Armistead Russell: Data interpretation, critical revision of the article, final ap-

proval of the version to be published

Gayle Hagler: Conception of the work, critical revision of the article, final approval

of the version to be published
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Chapter 3: Low-cost methods for quantifying the effects of indoor air

filtration on indoor air quality and personal exposure in Beijing, China

Karoline Johnson: Design of the work, data collection, data analysis and interpreta-

tion, drafting the article, final approval of version

Michael Bergin: Conception of the work, data interpretation, critical revision of

the article

Christina Norris: Data collection, data analysis and interpretation, critical revi-

sion of the article, final approval of version

James Schauer: data interpretation, critical revision of the article, final approval

of version

Yinping Zhang: critical revision of the article, final approval of version

Marilyn Black: critical revision of the article, final approval of version

Min Hu: critical revision of the article, final approval of version

Junfeng Zhang: Conception of the work, critical revision of the article, final

approval of version

Chapter 4: Low-cost methods for evaluating exposure to PM2.5 and O3
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mission has been obtained to reprint the article in this format.

Johnson, K. K., Bergin, M. H., Russell, A. G., and Hagler, G. S.(2018). Field test

of several low-cost particulate matter sensors in high and low concentration urban

environments. Aerosol and Air Quality Research, 18(3):565578.

2.1 Introduction

Air pollution is one of the largest public health issues globally and a number of

key research priorities including investigating effective interventions, quantifying air
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pollution exposures, and examining causal links between pollution and subclinical

impairment need to be addressed to improve health globally especially in low and

middle-income countries [Landrigan et al., 2018, Zivin and Neidell, 2018]. Although

some cities in the US have PM values above the National Ambient Air Quality Stan-

dard (NAAQS) [EPA, 2013] annual PM2.5 concentration value of 12 µg m−3, PM

concentrations in many low and middle-income countries, including India, are orders

of magnitude higher ([Tiwari et al., 2015, Health Effects Institute, 2010]).

A variety of methods are used for PM2.5 sampling. The US Federal Reference

Method (FRM), is filter-based and non-continuous. This method requires skilled

personnel and highly specialized facilities and equipment to produce quantitative

PM concentrations [EPA, 2015]. Continuous measurement instruments, including

US Federal Equivalent methods (FEMs) and other research-grade instruments, often

cost ten thousand to tens of thousands of dollars and usually must be operated in

climate-controlled spaces, with substantial oversight and maintenance [Chow, 1995].

Many PM2.5 constituents vary within urban areas [Pinto et al., 2004], but the high

costs associated with conventional measurements limit the number of air quality

monitoring sites globally, leading to generally sparse spatially-defined air quality in-

formation that may not represent actual exposures [Stevens et al., 2014]. Citizens and

policymakers desire more data to make decisions for individual and societal health

and well-being. From a research perspective, many important research questions re-

main to be answered about PM2.5 exposure and health outcomes, the effectiveness

of interventions on reducing PM2.5 and health, and other issues. With conventional

monitoring equipment obtaining a sample size large enough to be statistically signifi-

cantly difficult can be cost prohibitive, and it can be hard to evaluate an intervention

on a case-by-case basis.

Some of the issues of cost and convenience posed by conventional measurement
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equipment may be addressed by new sensor technologies. Sensors are available that

are lower in cost than their conventional counterparts. The purchase price of sensors

are < 1-10% of the cost of a reference analyzer, however, the full cost of imple-

mentation inclusive of other costs such as data management and analytics, sensor

replacement timeframe, and sensor calibration are less well quantified. A further

advantage is that these new sensors are small in size, lightweight, and have mini-

mal power consumption. Such sensors have the potential to be a feasible option for

researchers, governments, citizens and community groups to monitor air quality in

many more locations than previously feasible. These sensors have already been used

to identify and monitor hot spots, in arrays to generate data with higher spatial and

temporal resolution [Mead et al., 2013, Bart et al., 2014, Gao et al., 2015, Zikova

et al., 2017], to attribute sources of pollutants [Heimann et al., 2015], to map indoor

pollution concentrations [Li et al., 2018], to collect personal exposure data [Steinle

et al., 2015, Lewis and Edwards, 2016, Zhang et al., 2017], to collect mobile monitor-

ing data [den Bossche et al., 2015], and a variety of other applications [Kumar et al.,

2015, Rai et al., 2017], including for citizen science [Duvall et al., 2016, PurpleAir,

2017, Rai et al., 2017]. However, concerns remain about the accuracy and perfor-

mance of these newer sensors due to their more simplistic measurement techniques,

limited field performance data, and often a dearth of information from the manu-

facturer. These concerns can be mitigated by thoroughly evaluating the sensors for

specific applications and conditions [Snyder et al., 2013, Kumar et al., 2015, Lewis

and Edwards, 2016].

The goal of this work is to evaluate several lower-cost alternatives for generating

continuous pollutant measurements in markedly different environments. This paper

focuses on the performance of 3 optical particle sensors produced by one manufac-

turer (SHINYEI Technlogy Co., LTD). The response of optically-based PM sensors is
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largely a function of the actual properties of the ambient aerosol at the specific mea-

surement location, including the size distribution and chemical composition. Particle

properties are variable and are composed of both internal and external mixtures of

chemical components that vary as a function of size. Laboratory studies with light

scattering particle sensors have found the responses vary widely depending on particle

size and composition [Austin et al., 2015, Wang et al., 2015, Manikonda et al., 2016].

While laboratory evaluation is useful, there are limitations in the ability to generate

aerosol mixtures that match the variability of chemical and physical composition of

particles in urban environments. This work focuses mainly on field evaluations of

sensors against reference monitors under both low (Atlanta, USA) and high (Hy-

derabad, India) ambient PM concentration settings. Additionally, we briefly discuss

evaluations conducted in our laboratory as well as recent detailed laboratory analyses

of similar sensors [Austin et al., 2015, Wang et al., 2015, Kelly et al., 2017, Kuula

et al., 2017]. This work is especially important since once sensors have been well

characterized and their optimal operating environment has been identified they can

be used to address any number of aerosol and air quality research priorities.

2.2 Methods

2.2.1 Overview

A variety of PM sensors were evaluated in a laboratory setting and in three field

projects. The three field sites included an urban background rooftop in Atlanta,

Georgia, USA, a roadside in Atlanta, and a rooftop in Hyderabad, India.
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Table 2.1: Low-cost Shinyei PM sensors discussed in this chapter.

Sensor Cost ($) Dimensions (mm) Technology
minimum
particle
size

PPD42NS 10 59(W)45(H)22(D)
volume light
scattering
(digital output)

>1 µm

PPD20V 150 88(W)x60(H)x20(D)
volume light
scattering
(analog output)

>1 µm

PPD60PV 150 88(W)x60(H)x20(D)
volume light
scattering
(analog output)

>1 µm

2.2.2 Sensor Configuration

Three particle sensors from SHINYEI Technology Co. (Kobe, Japan) the PPD42NS,

the PPD20V, and the PPD60PV were tested during these field and lab experiments

(Table 2.1). The SHINYEI sensors were selected because of their price and the preva-

lence of use of the PPD42NS and PPD60PV sensors in citizen science applications

and custom-built research prototypes. The sensors measure particles using a light

scattering approach - an infrared LED is used as the light source, and a photodiode

array with lens measures the scattered light. This operating principle is shown in

Figure 2.1. The three sensors have similar internal components. The SHINYEI PM

sensors provide an electrical signal (either analog or digital) based on light scatter-

ing, producing an output in units of voltage (analog), or the ratio of time where a

particle pulse was experienced (digital). The sensors have a 0.25-watt resistor that

is designed to heat the air, drawing a sample passively into the detection volume.

The PPD42NS is a digital sensor: it provides a binary high or low output and

sends pulses when particles are detected in the beam. These pulses are summed, and

the fraction of time when pulses occur over the total time is calculated. In applica-
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Figure 2.1: This figure shows the 3 Shinyei sensors the PPD60PV, PPD20V, and
PPD42NS with the front cover removed (top) and attached (bottom). Components
are similar across devices and have been labeled on the opened PPD60PV. The
operating principle is shown on the open PPD20V where a particle is shown scattering
the light from the LED into the photodiode detector.

tion, the researcher can use this ratio output from the PPD42NS to estimate particle

mass concentrations by calibrating against a reference instrument. The manufac-

turer reports that the PPD42NS detect particles greater than 1 µm in size (Shinyei

Kaisha, 2002; SHINYEI Technology Co., LTD, 2010) but previous work has found

its most effective detection range is from about 2.5-4 µm [Kuula et al., 2017]. This

is the least expensive of the three sensors. The sensing volume is open unlike the

PPD20V and PPD60PV sensors and there is no focusing lens to focus the light from

the LED. The inlet is also offset to the side and front of the sensor (Figure 2.1).

Previous work compared the SHINYEI PPD42NS particle sensor to a variety of ref-

erence instruments both at US ambient concentrations [Holstius et al., 2014, Jiao

et al., 2016] and in Xi’an, China, at higher ambient concentrations [Gao et al., 2015].
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The PPD42NS sensors have also been evaluated in lab experiments [Austin et al.,

2015, Wang et al., 2015, Liu et al., 2017]. The other two SHINYEI sensors (PPD20V

and PPD60PV) have an analog output, with a variable voltage depending on the

light scattering occurring in the sensing volume. These sensors have the capability

to function as digital sensors but were not used in this way for our experiments. Like

the PPD42NS, the manufacturer reports that the PPD20V detect particles greater

than 1 µm in size [Shinyei Kaisha, 2002, Shinyei Technology Co., 2010] while the

PPD60PV detects particles greater than 0.5 µm in size [Shinyei Technology Co.,

2013]. All of these particle size detection descriptors were not substantiated by any

published tests made available by the manufacturer, nor were further details regard-

ing sensor design or test results provided by the manufacturer upon inquiry by the

research team. Previous work with the PPD60PV has shown it is most effective at

measuring particles from 0.7-1 µm [Kuula et al., 2017]. With the front covers in-

stalled the PPD60PV and PPD20V sensors look almost identical but when opened it

appears that different photodiodes have been used in the two sensors. The intake is

aligned with the heating resistor in both cases and a focusing lens focuses both the

light from the light source and light entering the detector (Figure 2.1). Devices using

the PPD60PV have been evaluated in the southeastern US [Jiao et al., 2016]. A

Sensirion AG (Staefa, Zurich, Switzerland) temperature and relative humidity (RH)

sensor (SHT15) was used to measure environmental conditions within the sampling

enclosure. The SHT15 measures temperature by band-gap displacement and RH us-

ing a capacitive sensor [Sensiron, 2010]. RH measurements are potentially important

in the use of light scattering PM sensors. Past work has characterized the change

in light scattering coefficient as a function of RH for anthropogenic aerosol. Based

on this work, water uptake on aerosol particles may result in an increase in the light

scattering coefficient, especially at RHs above 80% [Rood D. S. Covert, and T. V.
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Larso, 1987, McInnes et al., 1998]. However, previous work with low-cost light scat-

tering based sensors has seen mixed results as to whether RH corrections are required

[Jiao et al., 2016].

These sensors were wired to an Arduino Mega microcontroller (Arduino, www.arduino.cc).

The Arduino Mega was paired with a data logging shield (which includes a real-time

clock) from Adafruit (New York, NY, USA). This shield logged the sensors analog sig-

nal or pulse ratio and stored time-stamped one-minute averages to comma-separated

values (CSV) on an SD card. These sensors were assembled into opaque plastic

junction boxes. Slightly different configurations were used for the different field de-

ployments.

A 6 6 4 box with sensors used during the Atlanta roadside testing (Figure 2.2a).

The box and additional electronics to run these sensors cost roughly $100. A 25-mm

fan used to draw air into the instrument package and was positioned directly below

the PM sensor. This was added to improve the flow of external air through the entire

sampling box, as the heating resistor within each PM sensor would only provide

minimal air turnover within the sensor. The air flow volume for the fan, as reported

by the manufacturer, was 67 liters per minute so the exchange rate in the junction

box is estimated to be approximately twice per second for the roadside setup. The

exhaust flowed out the elbow on the right-hand wall of the box, and the instrument

cables were threaded through the elbow as well.

During sensor comparison testing, a slightly different setup was used so that

multiple PM sensors could be operated at the same time (Figures 2.2b and 2.2c). In

this case, three 25 mm fans were positioned to draw air into the instrument package

and again, the exhaust flowed out an elbow. Four of the PM sensors, three PPD20V

sensors, and a PPD60PV, were positioned directly above the fans. The PPD42NS was

placed on the wall of the box perpendicular to the other sensors (Figure 2.2b and 2.2c).
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Figure 2.2: (a) Sensor package design used to test the PPD20V sensor during the
Atlanta roadside testing (b) and (c) Shinyei particle sensor comparison box used
during Hyderabad, India, and Atlanta rooftop testing.

The three fans provided ample flow through the PPD42NS and temperature/RH

sensors although not directly adjacent. Placing the PPD42NS further from the fan

inlet allowed it to be further from openings in the package where stray light could

enter and influence the results. This is more important for the PPD42NS since it

has a more open light scattering chamber than the other two sensors. With three

fans, the exchange rate in the junction box was estimated to be approximately six

times per second for the comparison box, although possibly less due to flow resistance
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through the box. Given that the sensors measure the light scattering from a volume

it is not expected that the estimated PM concentrations are a function of flowrate,

although it is possible that particles losses, particularly for larger coarse particles that

can impact on surfaces within the sampling box, are influenced by the flow rates. We

did not assess the dependence of air flow on particle losses with the assumption that

fine particulate mass concentrations are not influenced by particle losses, for the flow

rates reported here.

2.2.3 Sensor Calibration and Evaluation

It is important to compare these sensors to reference methods in order to evaluate

their performance, particularly as these sensors measure light scattering, not mass.

Sensors were paired with reference analyzers in all locations. The relationship be-

tween the sensor light scattering signal and actual PM2.5 mass concentration is a

function of the light scattering per unit mass of an aerosol know as aerosol mass scat-

tering efficiency. The mass scattering efficiency depends on particle size, composition,

and wavelength of light. Previous lab experiments have explored this relationship for

low-cost sensors [Li and Biswas, 2017]. For urban air, not dominated by dust mass,

the mass scattering efficiency is generally not highly variable [Carrico et al., 2003].

Work in both Atlanta as well as rural China in a location influenced by coal burning

[Xu et al., 2004] have relatively similar mass scattering efficiencies and taken to-

gether suggest uncertainties related to particle properties for volume light scattering

instruments in urban-influenced areas are roughly 30%.

A TSI DustTrak 8533 (Shoreview, MN) was used as a reference during the lab ex-

periment. The DustTrak is a light scattering laser photometer. It provides real-time

PM2.5 concentrations and in this case was configured to provide 1-minute averages.
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The Thermo Scientific series 1400a TEOM was also used as for the Atlanta projects.

A PM2.5 cyclone was used with the TEOM. The TEOM is a US EPA Federal Equiv-

alent Method (FEM) at a 24-hour averaged level and is used routinely for regulatory

and research monitoring (EPA, 2015). A high-efficiency particulate air (HEPA) filter

was attached to the inlet on the TEOM periodically to ensure that there were no leaks

in the sampling line. Data and any instrument error flags were reviewed periodically

and the instrument was checked for proper function. A Met One E-BAM was used

as the reference monitor in Hyderabad. The E-BAM is a more portable monitoring

option than a traditional BAM, operating in the environment without requiring an

exterior enclosure (MOI, 2008). The E-BAM is not a registered FEM in the U.S.,

although the instrument strongly correlates with federal reference methods [USDA

Forest Service, 2006] and has been used as a reference instrument in past studies

[Ancelet et al., 2012]. Periodic leak checks, flow checks, and monthly nozzle/vane

cleanings were performed to ensure proper function of the E-BAM. It is worthwhile

to point out that the difference in reference measurement methods may influence

performance evaluations. Depending on the chemical composition of PM2.5 there can

be biases between BAM and TEOM measurements [Chung et al., 2001]. Low-cost

sensors will have a variety of reference methods used for calibrations around the

World, and it is important when reporting low-cost sensor data to be clear regarding

the reference method that was used for calibration. We do not intend to evaluate

reference methods used to measure PM2.5, but rather to use existing instruments

that have been deemed as reference sensors and will realistically be those available

to other researchers who conduct field studies.

A relationship between electrical output and PM mass concentration was gener-

ated for all three types of sensors using linear and orthogonal regression. Although

the sensors are not size-selective, the sensor output is compared against a PM2.5
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reference in order to understand their potential use as a surrogate measurement for

PM2.5. First, the sensors were calibrated using linear regression and then orthogonal

regression was applied to reduce the errors in both the X and Y directions. The

first step (applying linear regression) is important as orthogonal regression assumes

equal error in both directions and this will be a poor assumption if the sensors are

on different scales. In the case of an apparent nonlinear relationship, an exponen-

tial function was applied instead. These relations were computed using the one-hour

averages of the sensor and the reference analyzer for each field location. However,

in the laboratory evaluations, the regression was developed at a higher time basis

(one-minute data) since a higher time-resolution reference monitor was used. The

standard deviation of the error (sd), the difference between reference analyzer and

generated sensor concentration, was also estimated. Applying orthogonal regression,

instead of linear regression alone, reduces the standard deviation of the error by up

to about 5 µg m−3 depending on the sensor and sampling location. The lab experi-

ments and 3 field projects had considerably different concentration ranges from less

than 40 µg m−3 seen in the Atlanta projects to up to 280 µg m−3 in the Hyderabad

project (Figure 2.3) and in some cases, the data was subset to look at correlations

over similar concentration ranges. The box plot in Figure 2.3 shows the first and

third quartiles around the median with whiskers extending up to the largest value

or the third quartile plus 1.5 times the interquartile range whichever is smaller and

whiskers extending down to the minimum or the first quartile minus 1.5 times the

interquartile range, whichever is larger. Outliers are indicated by points outside the

whiskers.
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Figure 2.3: PM2.5 concentration ranges as measured by reference methods (1-hour
data Atlanta and Hyderabad, 1-minute data lab).

2.2.4 Laboratory Evaluation: Experimental Design

A chamber experiment was run with the three PM sensors. A 284 liter modified

sealed glove box with a slight positive pressure was used. A puff of incense smoke was

introduced and the concentration was allowed to decay while clean air was pumped

into the chamber. Over a 1-hour period, the concentration dropped from above 500

to ∼0 µg m−3 as measured by a DustTrak 8533 (Figure 2.4). The sensors were

located inside the chamber. A short line of anti-static tubing ran from the chamber

to the DustTrak and another line exhausted through a filter and into the lab. The

correlation between the sensors and the DustTrak at a one-minute averaging time
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was determined.

Figure 2.4: Chamber test using puff of incense smoke comparing performance of
calibrated Shinyei PM sensors (PPD42NS, PPD20V, and PPD60PV) with TSI Dust-
Trak.

2.2.5 Field Evaluation: Sampling Locations

Measurements from three different sampling locations (Atlanta rooftop, Atlanta road-

side, and Hyderabad) were analyzed in this study (Table 2.2). The first measurement

campaign was at the side of the freeway on the Georgia Tech campus, Atlanta, GA,

(33.775560, -84.390950), adjacent to a 15-lane freeway with an Average Annual Daily

Traffic (AADT) of 293,256 vehicles in 2014 (Interstate 75 and 85) [GDOT, 2014]. The

sensor box was mounted on a pole on top of a trailer approximately 4 meters above
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Table 2.2: Field locations, dates, reference instruments, and sensors deployed.

Date Location Reference Sensor Model

10/1/13-10/4/13
Atlanta Roadside
(33.775560, 84.390950)

TEOM Shinyei PPD20V

11/21/13-12/16/13
Atlanta Rooftop
(33.779175, 84.395730)

TEOM
Shinyei PPD42NS
Shinyei PPD20V (3x)
Shinyei PPD60PV

1/30/14-2/10/14
Hyderabad Rooftop
(17.425798, 78.526814)

E-BAM
Shinyei PPD42NS
Shinyei PPD20V (3x)
Shinyei PPD60PV

ground. The trailer was parked in a lot separated from the highway by only a fence,

leaving the sensor package approximately 6 m from the closest lane of traffic. The

TEOM inlet was within a few feet of the sensor package. Next, a comparison was per-

formed on the rooftop of the Ford Environmental Science and Technology Building,

a four-story building on the Georgia Tech campus, approximately 500 m from the

freeway (33.779175, -84.395730). This rooftop site was above the tree level but there

were a few structures on the roof such as an indoor rooftop laboratory and building

air handling equipment. The inlet of the TEOM and the sensors were located within

about 3 meters of each other. Lastly, the same sensor package that was deployed on

the Atlanta rooftop was subsequently tested in Hyderabad (17.425798, 78.526814),

located on a rooftop at the National Institute of Nutrition (NIN). The sensor package

was attached to the E-BAM stand for nearly exact co-location.
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2.3 Results and discussion

2.3.1 Laboratory Comparison

During the chamber experiment, the performance of the three SHINYEI sensors was

evaluated by comparison with a DustTrak monitor. After a puff of incense was intro-

duced into the chamber the concentration was allowed to decay for a 1-hour period

(Figure 2.4). One-minute averaged data were analyzed and the PPD20V yielded the

highest correlation over all concentration ranges (R2 = 0.70 from 0-50 µg m−3 and

R2 = 0.98 from 0-500 µg m−3) (Table 2.3). Meanwhile, the PPD60PV had poor

correlation at low concentrations in the lab (R2 = 0.20 for 1-minute averages from

0-50 µg m−3 in the lab), but at higher concentrations the coefficient of determina-

tion was higher (R2 = 0.87, 0-500 µg m−3). Finally, the PPD42NS also correlated

poorly with the DustTrak at lower concentrations (R2 = 0.20 from 0-50 µg m−3),

but performed well over a larger concentration range (R2 = 0.80 from 0-500 µg m−3).

Better agreement has been reported for the PPD42NS by Austin et al. (2015) (R2

= 0.66-0.99, depending on particle diameter from 0-50 µg m−3) than was seen in

our laboratory results. Wang et al. (2015) also reported much higher R2 in their

laboratory calibrations with incense (R2 = 0.95 from 0-100 µg m−3). The differing

results may be due to longer rolling averaging times [Austin et al., 2015], longer

sampling time (2.5 hours) [Wang et al., 2015], differences in microcontroller signal

processing, manufacturer variability in sensor production, and difference in reference

instruments [Austin et al., 2015, Wang et al., 2015]. Kelly et al. (2017) also found

higher correlations (R2 = 0.5-0.73) over a concentration range from 200-850 µg m-3,

and using 10-minute averages.

The limit of detection (LOD) was calculated in the lab by using the 95% confidence

interval of the intercept within the 0-100 µg m−3 range for one minute averaging
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Table 2.3: Laboratory comparison of one-minute Shinyei PM sensor data with TSI
DustTrak (R2) using puff of incense smoke in chamber.

Sensor concentration range (ug/m3) limit of detection
0-500 0-200 0-100 0-50 (ug/m3)

PPD42NS 0.80 0.73 0.54 0.20 9.1
PPD20V 0.98 0.94 0.85 0.70 4.6
PPD60PV 0.87 0.49 0.10 0.04 29

times. The estimated PPD42NS LOD was 9.1 µg m−3 which is somewhat higher than

measured in Wang et al. (2015) using 30-second data (4.59 µg m−3). The PPD20V

has an LOD of 4.6 µg m−3 while the PPD60PV has a higher limit of detection of 29

µg m−3.

The challenge with using optically-based PM sensors to estimate mass concen-

tration is that the actual response (i.e., sensor calibration) is largely a function of

the properties of the ambient aerosol at the measurement location, including the size

distribution and chemical composition. Further, the relationship can depend upon

composition-related optical properties [Chow et al., 2002, Wang et al., 2015]. Cal-

ibration to a mono- or poly-disperse calibration aerosol of a specific aerosol (e.g.,

sulfate or polystyrene latex), or to another particle source such as incense, can lead

to biases as the actual response in the field can be significantly different [Jiang et al.,

2011, Austin et al., 2015, Dacunto et al., 2015, Wang et al., 2015]. It is likely that the

response to a laboratory-generated aerosol will be much different to that in the field.

The dependence on aerosol properties will also impact the LOD as aerosol properties

can be associated with concentration (e.g., periods of high concentrations will have a

different composition than at low concentrations). While laboratory tests are invalu-

able to isolate potential measurement artifacts and sensitivities to PM properties,

field tests are likely most representative of real-world performance.
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2.3.2 Ambient Concentration Comparisons: Atlanta Road-

side

The first measurement campaign was at the side of the freeway in Atlanta. Reference

PM2.5 readings ranging from fairly low (∼10 µg m−3) to moderate (maximum of 32

µg m−3) concentration levels (Figure 2.5). Previous work comparing light scattering

from a nephelometer (Radiance Research Inc., M903 nephelometer) to a TEOM in

urban Atlanta found a clear link between light scattering coefficient and PM2.5 (R2

= 0.8) [Carrico et al., 2003] with roughly 60% of the light scattering by particles

greater than 0.5 um. However, the roadside comparison between the TEOM and the

SHINYEI PPD20V sensor provided a low correlation (R2 = 0.21).

Figure 2.5: Atlanta roadside time series Shinyei sensor vs. TEOM

The first 24-hours the sensors were located at the roadside were used as a cali-

bration period. The R2 during this calibration period was 0.48 with an error of 0

± 3.4 µg m−3. When this calibration was applied to the next 2 days of data the

resulting hourly concentration error was larger 3.9 ± 4.8 µg m-3. Over this three-day

campaign, the sensor and TEOM showed significant disagreement especially during

the final 24 hours of sampling. In some cases, not only was there a difference in the

magnitude of the response but also in the response sign. During this roadside com-

parison, temperature and RH had typical diurnal patterns for the southeast, ranging
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from 18-34C, and 30-90%, respectively. The error between the SHINYEI and the

TEOM was not significantly correlated with temperature (R2 = 0.01) or RH freeway

(33.779175, -84.395730). This rooftop site was above the tree level but there were

a few structures on the roof such as an indoor rooftop laboratory and building air

handling equipment. The inlet of the TEOM and the sensors were located within

about 3 meters of each other. Lastly, the same sensor package that was deployed on

the Atlanta rooftop was subsequently tested in Hyderabad (17.425798, 78.526814),

located on a rooftop at the National Institute of Nutrition (NIN). The sensor package

was attached to the E-BAM stand for nearly exact co-location.

2.4 Results and Discussion

2.4.1 Laboratory Comparison

During the chamber experiment, the performance of the three SHINYEI sensors was

evaluated by comparison with a DustTrak monitor. After a puff of incense was intro-

duced into the chamber the concentration was allowed to decay for a 1-hour period

(Figure 2.4). One-minute averaged data were analyzed and the PPD20V yielded the

highest correlation over all concentration ranges (R2 = 0.70 from 0-50 µg m-−3 and

R2 = 0.98 from 0-500 µg m−3) (Table 2.3). Meanwhile, the PPD60PV had poor

correlation at low concentrations in the lab (R2 = 0.20 for 1-minute averages from

0-50 µg m−3 in the lab), but at higher concentrations the coefficient of determina-

tion was higher (R2 = 0.87, 0 - 500 µg m−3). Finally, the PPD42NS also correlated

poorly with the DustTrak at lower concentrations (R2 = 0.20 from 0-50 µg m−3),

but performed well over a larger concentration range (R2 = 0.80 from 0-500 µg m−3).

Better agreement has been reported for the PPD42NS by Austin et al. [2015] (R2
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= 0.66 - 0.99, depending on particle diameter from 0-50 µg m−3) than was seen in

our laboratory results. Wang et al. [2015] also reported much higher R2 in their

laboratory calibrations with incense (R2 = 0.95 from 0-100 µg m−3). The differing

results may be due to longer rolling averaging times [Austin et al., 2015], longer

sampling time (2.5 hours) [Wang et al., 2015], differences in microcontroller signal

processing, manufacturer variability in sensor production, and difference in reference

instruments [Austin et al., 2015, Wang et al., 2015]. Kelly et al. [2017] also found

higher correlations (R2 = 0.5-.73) over a concentration range from 200-850 µg m−3,

and using 10-minute averages.

The limit of detection (LOD) was calculated in the lab by using the 95% confidence

interval of the intercept within the 0-100 µg m−3 range for one minute averaging

times. The estimated PPD42NS LOD was 9.1 µg m−3 which is somewhat higher than

measured in Wang et al. (2015) using 30-second data (4.59 µg m−3). The PPD20V

has an LOD of 4.6 µg m−3 while the PPD60PV has a higher limit of detection of 29

µg m−3.

The challenge with using optically-based PM sensors to estimate mass concen-

tration is that the actual response (i.e., sensor calibration) is largely a function of

the properties of the ambient aerosol at the measurement location, including the size

distribution and chemical composition. Further, the relationship can depend upon

composition-related optical properties [Chow et al., 2002, Wang et al., 2015]. Cal-

ibration to a mono- or poly-disperse calibration aerosol of a specific aerosol (e.g.,

sulfate or polystyrene latex), or to another particle source such as incense, can lead

to biases as the actual response in the field can be significantly different [Jiang et al.,

2011, Austin et al., 2015, Dacunto et al., 2015, Wang et al., 2015]. It is likely that the

response to a laboratory-generated aerosol will be much different to that in the field.

The dependence on aerosol properties will also impact the LOD as aerosol properties
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can be associated with concentration (e.g., periods of high concentrations will have a

different composition than at low concentrations). While laboratory tests are invalu-

able to isolate potential measurement artifacts and sensitivities to PM properties,

field tests are likely most representative of real-world performance.

Ambient Concentration Comparisons: Atlanta Roadside

The first measurement campaign was at the side of the freeway in Atlanta. Reference

PM2.5 readings ranging from fairly low (∼10 µg m−3) to moderate (maximum of 32

µg m−3) concentration levels (Figure 2.5). Previous work comparing light scattering

from a nephelometer (Radiance Research Inc., M903 nephelometer) to a TEOM in

urban Atlanta found a clear link between light scattering coefficient and PM2.5 (R2

= 0.8) [Carrico et al., 2003] with roughly 60% of the light scattering by particles

greater than 0.5 um. However, the roadside comparison between the TEOM and the

SHINYEI PPD20V sensor provided a low correlation (R2 = 0.21).

The first 24-hours the sensors were located at the roadside were used as a cali-

bration period. The R2 during this calibration period was 0.48 with an error of 0 ±

3.4 µg m−3. When this calibration was applied to the next 2 days of data the re-

sulting hourly concentration error was larger 3.9 ± 4.8 µg m−3. Over this three-day

campaign, the sensor and TEOM showed significant disagreement especially during

the final 24 hours of sampling. In some cases, not only was there a difference in

the magnitude of the response but also in the response sign. During this roadside

comparison, temperature and RH had typical diurnal patterns for the southeast,

ranging from 18-34C, and 30-90%, respectively. The error between the SHINYEI

and the TEOM was not significantly correlated with temperature (R2 = 0.01) or RH

(R2 = 0.007); however, it should be noted that very high RH conditions were not

experienced (no observations above 90% RH).
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Some of the inaccuracies may lie in the TEOM (Allen et al., 1997), especially

when using 1-hour averages for comparison. The concentrations were low at this

location, which may cause a higher relative error in the TEOM.

Ambient Concentration Comparisons: Atlanta Rooftop

Lastly, the same sensor package that was deployed on the rooftop in Atlanta was

deployed on a rooftop in Hyderabad. The results from Hyderabad show higher av-

erage PM concentrations (1-hour avg: 72 µg m−3, range: 8-280 µg m−3) over the

one-month deployment period (Figure 2.6). There are two large gaps in the data

- between 2/3-2/7 the sensors were unplugged, and between 2/10-2/25 the E-BAM

was malfunctioning causing either missing or error-flagged data.

Figure 2.6: Hyderabad, India Shinyei PM sensors comparison with Environmental-
Beta Attenuation Monitor (E-BAM) calibration generated during first half of time
period and applied to second half.
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The initial comparison between the PPD42NS and PPD20V sensors and the E-

BAM indicated a linear relationship and correlation above our predefined lower limit

R2 ≥ 0.1 (PPD42NS; R2 = 0.1, PPD20V-1; R2 = 0.84, PPD20V-2; R2 = 0.81,

PPD20V-3; R2 = 0.86). Therefore, voltage-concentration calibration equations were

developed based upon the first few days of data (1/31-2/4 and 2/7-2/10) and applied

it to later data (2/25-3/4) (Table 2.4). The relationships based on the first half are

similar to those based on the full dataset. The concentrations during the second half

of the deployment are lower than during the first period (1st-period avg: 91.1 µg

m−3, range: 14.1-247 µg m−3, 2nd-period avg: 37.0 µg m−3, range: 3.2-96.8 µg m−3).

The average difference (davg), the difference between the SHINYEI and the TEOM,

is near zero during the first period since this was the period used for calibration.
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Table 2.4: Shinyei PM sensor calibrations generated from first half of Hyderabad data and their accuracy when applied
during a second later period where (Estimate PM) = m (raw sensor signal) + b for all sensors except the PPD60PV
where a nonlinear calibration was used.

Signal
output

Calibration
coefficients
(PM=m x
sensor +b)

calibration period application period

m b Dates
Avg
error

Stdev dates
Avg
error

Stdev

PPD42NSa Digital 40.0 13.3 (1/31-2/4) 0 28.9 (2/7-2/10) -149 145.3

PPD20V1 Analog 0.45 -75.5
(1/31-2/4,
2/7-2/10)

0 20.3 (2/25-3/4) 9.2 19.9

PPD20V2 Analog 0.46 -84.8
(1/31-2/4,
2/7-2/10)

0 21.6 (2/25-3/4) -15.9 16.3

PPD20V3 Analog 0.39 -50.4
(1/31-2/4,
2/7-2/10)

0 18.7 (2/25-3/4) -0.8 17

PM=
exp((sensor-d)/c)

Calibration period Application period

c d Dates
Avg
error

Stdev Dates Avg error Stdev

PPD60PV Analog 123 2.8
(1/31-2/4,
2/7-2/10)

0 24.1 (2/25-3/4) -21.9 38.5
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The three PPD20V sensors have similar standard deviations of the error around

15-20 µg m−3. There is no apparent consistent drift in the PPD20V sensor errors. At

the high concentrations in Hyderabad above 200 µg m−3, the PPD20V sensors often

became saturated (i.e., became insensitive to increases in ambient particle loading).

This saturation occurred only 9 hours of the approximately 2-week period during

which the measurements took place. The difference in concentration ranges during

the calibration and application periods may lead to some of the error.

Simultaneous operation of three PPD20V sensors allowed comparison of sensors

of the same type. The three PPD20V sensors were highly correlated (R2 > 0.9)

and have similar coefficients of determination (0.81-0.86) with the E-BAM. PPD20V

sensors 1 and 2 have similar calibrations with slopes of 0.45 and 0.46 while sensor

3 has a slope of 0.39. This slightly lower slope suggests the sensor is slightly more

sensitive to changes in PM concentration. This is also suggested by the slightly higher

R2 of the 3rd PPD20V sensor. Although this is a small sample size of sensors, these

widely differing calibrations show the need for individual calibration for each sensor,

even those of the same model. In addition, these calibration equations differ from

that generated at the roadside in Atlanta.

The PPD60PV had larger errors than the PPD20Vs both during the calibration

and application periods. The PPD60PV sensor in Hyderabad was the only sensor

that was calibrated using a nonlinear fit as it becomes nonlinear around 100 µg m−3

(Figure 2.7).

The performance of the PPD42NS decreased significantly over time, therefore

1/31-2/4 was used as the first calibration period, and 2/7-2/10 was used as the ap-

plication period. This calibration was apparently not appropriate even during the

2/7-2/10 period with significant deviations indicating sensor drift or otherwise perfor-

mance deterioration over time (Figure 2.6(c)). Previous field with the PPD42NS in
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Figure 2.7: The raw analog output from the PPD60PV was first fit with an expo-
nential fit exponential fit (Shinye I = a ln(E -BAM) + b) before a linear correlation
was calculated.

California has shown moderate correlations between the DustTrak and the PPD42NS

(R2 = 0.64-0.70)and the BAM and the PPD42NS (R2 = 0.55-0.60) over field condi-

tions up to 50 µg m−3 [Holstius et al., 2014] but this concentration range is larger

than was seen in Atlanta and much smaller than seen in Hyderabad.

The RH was below 70% during most of the sample period. Only one hour data

point was observed above 90% RH (91% RH). The ratio between the PPD20Vs with

the E-BAM were uncorrelated with RH (R2 0.02) and temperature (R2 = 0.02). The

ratio of the PPD60PV to the E-BAM was also uncorrelated with temperature (R2 =

0.0001) and RH (R2 = 0.01).

2.4.2 Low Concentration Comparison of Laboratory and Field

Results

The field projects and lab experiment discussed in this paper all have different con-

centration ranges. The data was subset into the low concentration range, 0-38 µg

m−3, for comparability. This is a combination of the ranges seen in Atlanta at the
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roadside and roof sites (Figure 2.8). Using the Hyderabad data subset to the same

concentration range the same as the Atlanta roof (3-38 µg m−3, N = 121 hours,

mean = 26 µg m−3) we see low correlations between the 20V sensors and the E-BAM

(R2 0.04), the PPD42NS sensor and the E-BAM (R2 = 0.003), and the PPD60PV

and the E-BAM (R2 = 0.11). During the lab experiment, only the PPD42NS shows

moderate correlation (R2 = 0.28) over the 0-38 concentration range. The signal to

noise ratio for the sensors and the reference analyzers may be too high at these low

concentrations as indicated by the LODs. Previous work in suburban Atlanta with

similar average PM2.5 concentrations also saw poor performance of the PPD42NS

(R2 = 0-0.16) and saw moderate correlation from sensors containing the PPD60PV

sensors (R2-0.42-0.43) [Jiao et al., 2016].

2.4.3 High concentration comparison of Lab & Field Results

The data from the lab was also subset for the concentration range experienced in

Hyderabad (0-280 µg m−3) (Figure 2.9). The lab results show significantly higher

R2 for all sensors likely because of the stable environmental conditions and particle

properties during the lab comparisons. The Hyderabad concentration range seems

more appropriate for the PPD20V, while at the low concentrations observed in At-

lanta, GA, the sensor agreed poorly with the reference measurements. Meanwhile,

the PPD60PV agreed more closely with the reference TEOM at the background

site but exhibited nonlinearity at high concentrations in Hyderabad. Previous work

comparing an E-BAM and PPD42NS sensors has shown strong correlations (R2 =

0.85-0.92) over a much larger concentration range (> 800 µg m−3) [Gao et al., 2015].
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Figure 2.8: Comparison of subset of all datasets at low ambient PM2.5 concentra-
tions seen in Atlanta (0-38 µg m−3)

2.4.4 Differences between Field Site Results

A variety of factors affect light scattering, including particle size, shape, composition

and relative humidity. The relationship between mass and light scattering is often

highly correlated, but the relationship may be different in different locations and

during different times of the year. If the mass scattering efficiency is changing on

an hour to hour basis based on localized sources this would add more scatter into

our data. Comparisons for PM2.5 mass and light scattering with nephelometers are
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Figure 2.9: Comparison of Hyderabad data with subset of lab data at high ambient
PM2.5 concentrations (0-260 µg m-3).

usually done using only the fine size fraction and under dry conditions, where the

sample is heated to decrease RH to provide the most accurate results [Chow et al.,

2002]. Our study took place under ambient conditions, and we did not separate

the smaller size fraction. Adding in a size separation device, to remove particles

greater than 2.5 µm, would significantly increase the cost and power consumption of

particle sensor devices. In previous studies, total scattering has been compared with

PM2.5 mass yielding linear relationships with high R2 values (≥ 0.9) [Watson et al.,

1991, Doran et al., 1998, Chow et al., 2002], although past research using low cost
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light scattering sensors have generally reported as strong correlations [Gao et al.,

2015, Jiao et al., 2016, Rai et al., 2017]. It is possible the sensors could perform

better in future studies in an improved enclosure with improved fan placement, or

better light interference protection.

Much of the difference in sensor performance between the sites appears to be due

to the significant differences in concentration ranges experienced in each location.

In low concentration environments, the signal from the photodetector is often not

above the noise level while at higher concentrations there appears to be a saturation

point for some of the sensors. There are differences in sources and size distribu-

tions for each of the field campaigns and the lab experiments. Based on previous

studies the air sampled on the Atlanta roof top should be primarily sulfate particles

followed by particulate matter from vehicle emissions and a variety of other more

minor sources including nitrate, wood burning, dust and secondary organic carbon

[Lee et al., 2008]. At the roadside in Atlanta, we would expect PM2.5 to be dom-

inated by traffic emissions from both gasoline and diesel and to contain the same

components of regional background sources similar to the rooftop. Previous work

has shown the sources in Hyderabad to be primarily vehicular pollution with other

sources including re-suspended dust, waste burning, other combustion sources (in-

cluding industrial sources and coal and wood used for cooking and heating), and

secondary PM [Gummeneni et al., 2011, Guttikunda et al., 2013, Guttikunda and

Kopakka, 2014]. Since previous work has suggested that these sensors may actually

be measuring size fractions different from true PM2.5 [Kuula et al., 2017], the ac-

curacy in different locations may be dependent on the particle size distribution in

addition to chemical composition. If the size distribution is changing on an hourly

averaged basis, as may be the case at a source-dominated site like the roadside, this

will also add additional error to the results and likely contributes to differences in
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performance results between this and previous studies.

2.5 Conclusions

This study evaluated several low-cost particle sensors under several field environments

representing typical areas where additional air monitoring data would be desirable

- an urban near-highway environment in Atlanta, GA, an urban background envi-

ronment in Atlanta, GA, and a highly polluted area of Hyderabad, India. The sen-

sors selected are easily procured commercially and are growing in use by researchers

building custom devices, incorporated into turnkey sensor packages (e.g., AirBeam,

Air Quality Egg), or being applied in build-your-own sensor kit packages for citizen

science. Although a limited number of sensors were tested in a limited number of

locations, this work is the first step, after laboratory tests, in determining sensors

suitability for different field applications.

Of the three sensor models studied, only the PPD20V appeared to have a strong

agreement with a reference monitor and that occurred during high concentrations

experienced in Hyderabad (average: 72 µg m−3; R2 ≥ 0.81). However, this same

sensor had very weak agreement with a reference monitor next to a major roadway in

Atlanta, Georgia (average = 21 µg m−3; R2 = 0.21), as well as when a subset of lower

concentration periods were evaluated for the Hyderabad study. A different model

sensor - the PPD60PV - displayed a nonlinear response at the high concentrations

observed in Hyderabad, whereas it did not display this nonlinearity at similarly high

levels in a controlled laboratory test using incense as an emissions source. In addition,

the PPD60PV sensor appeared to have a moderate agreement (average = 8 µg m−3;

R2 = 0.3) with a reference monitor at the urban background location in Atlanta,

Georgia, whereas the other sensors tested had effectively no relationship. Finally,
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although the PPD42NS sensor displayed good agreement with a reference during the

laboratory test with incense smoke, the sensor had effectively no agreement with

reference monitors in any of the measurement environments.

These results suggest the PPD20V is most suited for ambient environments from

0-200 µg m−3 while the PPD60PV is better suited for environments from 0-50 µg

m−3. None of the sensors tested appear well suited for providing useful 1-hour low

ambient concentrations in the 0-15 µg m−3 range. The importance of evaluating

low-cost particle sensors in their intended environment of use cannot be overstated.
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the effects of indoor air filtration on
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3.1 Introduction

Fine particulate matter (PM2.5) is associated with multiple adverse health outcomes

[Laden et al., 2006, Miller et al., 2007, Puett et al., 2009]. PM2.5 concentrations

are above the World Health Organization annual standard of 10 µg m−3 [World

Health Organization, 2016] in many cities globally [Cheng et al., 2016]. Reducing

exposure to PM2.5 has the potential to significantly benefit health [Morishita et al.,

2015] especially in cities with elevated levels of air pollution. Beijing, China, is one

such city with an average annual mean PM2.5 concentration of nearly 80 µg m−3

(2014-2015) [Zhang and Cao, 2015].

Improving outdoor PM2.5 in the short-term is largely out of the hands of individual

citizens and depends on the actions of national and local governments. Improving

indoor PM2.5, however, is more easily achieved by the individual. Indoor air can be

highly polluted as it is a combination of outdoor pollutants that infiltrate indoors

and pollutants from indoor sources [Mohammed et al., 2015]. Indoor air quality is

especially important since adults living in urban areas of China spend roughly 82%

of their time indoors [Wang et al., 2008].

Portable air filtration devices are a common solution to poor air quality in China,

especially in more affluent urban areas [Sun et al., 2017]. Indoor filtration is poten-

tially an effective strategy to reduce particles [Cui et al., 2018], but the performance

of purifiers is variable depending on the device and the environment in which it is

deployed [Zhang et al., 2011].

To quantify the effectiveness of indoor interventions on reducing indoor PM2.5 and

personal exposure to PM2.5, many indoor and personal exposure measurements must

be taken. Multiple measurements are also important for health studies since assump-

tions of uniform exposure may mask health associations. Real-time PM2.5 can be
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measured simultaneously in many locations using low-cost optically based PM mon-

itors for a reasonable cost. Performance of these sensors varies and the importance

of calibrating and evaluating these sensors in each environment where they will be

deployed has been highlighted in previous studies [Snyder et al., 2013, Jiao et al.,

2016, Zheng et al., 2018, Johnson et al., 2018, Morawska et al., 2018, Feinberg et al.,

2018]. Testing monitors in the environment where they will be deployed is important

both because aerosol optical properties are variable and sensor measurement ranges

vary and are often not well reported by the manufacturer. There are many studies

that use low-cost, optical monitors to evaluate personal exposure and indoor air qual-

ity or that explore the performance of these monitors but very few authors have both

calibrated and evaluated their monitor to ensure data validity and subsequently used

the sensors to evaluate personal exposure [Morawska et al., 2018]. The results of this

study were two-fold: 1) to determine the best strategy for calibrating the monitors

and to better quantify monitor error and 2) to apply this calibration to assess the

impact of air filtration on indoor air quality and personal exposure.

In this paper we present field measurements conducted in Beijing. Low-cost mon-

itors are deployed and implemented to assess the impacts of air purifiers on personal

exposure and indoor air quality. To ensure the accuracy of these measurements a

calibration method is first developed that reduces error and inter-monitor variability

and may be useful for future studies.
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3.2 Materials & Methods

3.2.1 Study overview

This intervention study took place in Beijing, China over a 2-week period during

July and August 2016. Seven adult participants were recruited from around Beijing.

Participants’ homes were within 20 km of Peking University (PKU) and all homes

were apartment-style dwellings.

A portable Amway AtmosphereTM air purifier was set up in each household. The

purifiers contained 3 layers of filtration: 1. a coarse pre-filter for removing large

particles; 2. an activated carbon filter; and 3. a high-efficiency particle air (HEPA)

filter. Purifiers were operated as a true purifier for one week and as a “sham” purifier

(a device without the activated carbon or HEPA filters) for another week in each

participant’s home. Participants were instructed to leave the windows and doors in

the room closed.

Two air monitors recorded 2 weeks of data at each home while the purifier was

operating. One monitor was set up in the participants bedroom with the purifier,

about one meter above the ground (e.g. on a nightstand or other convenient shelf).

The other monitor was set up outside the participants home, usually hanging from a

bar on the balcony. Participants carried a personal monitor for 48 hours during both

the true and sham periods (roughly 96 hours of personal exposure data in total).

In addition, 48-hour quartz and Teflon PM2.5 filter samples were collected indoors,

outdoors, and for personal exposure in a subset of the homes concurrent to the real-

time personal exposure monitoring. The results of these filter based measurements

are discussed elsewhere [Zhan et al., 2018].
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3.2.2 Purifier operation

The purifiers were operated at a manufacturer reported clean air delivery rate (CADR)

of 2.8 m3min−1 (fan speed “level 2” on the purifier), and were run continuously. Level

2 was the highest setting deemed quiet enough to not disturb the participants. Since

the purifier fans ran at 2.8 m3min−1 during both the true and sham filtration, we

assume the room was relatively well mixed. Based on the purifier CADR of 2.8

m3min−1, a removal efficiency of the HEPA filter of 99% and an estimated typical

room size of 35 m3, a first order decay equation can be used to estimate the time it

takes for the room to reach steady-state. Ninety percent of the steady-state concen-

tration could be reached in roughly 30 minutes. This means that the steady state

was likely achieved fairly quickly after each pollutant event, or after turning on the

air purifier.

3.2.3 Monitor design

Low-cost sensors are often sold as stand alone components that need to be assem-

bled into a larger monitoring device to log data. Although many low-cost monitors

currently exist on the market, none met our needs with both reliable data storage,

portability for personal exposure, and well-defined sensor performance. This led us

to design our own monitors. Low-cost air monitors used during this project were

developed over multiple years by researchers at Duke University. The monitors con-

tained a PM sensor (Plantower PMS3003), a custom printed circuit board, a Teensy

micro-controller, an SD card for data logging, and a real-time clock to time stamp

the data. A Sension SHT15 sensor was used to collect supporting temperature and

relative humidity (RH) data (Figure 3.1). The Plantower PM sensor costs ∼ $30, and

the entire monitor costs ∼ $200 in parts plus assembly. Additional gas-phase sensors
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(O3, NO, NO2, and CO2) were included in many of our monitors (for an additional

cost), although results are not discussed here. Monitors were connected to wall power

where available and convenient, or with 20 Ampere hour lithium ion power bank bat-

teries where wall power was not easily accessible (e.g. outdoor balconies). Additional

details about the monitors can be found on our open-source webpage (dukearc.com).

Figure 3.1: All air monitor components in indoor/outdoor sampling case.

The electronics were enclosed either in a hard electrical case as shown in Figure

3.1 or in a modified eye-glass case for personal exposure monitoring. Twenty-two

monitors were deployed in total with 5 personal exposure monitors and the remainder

indoor/outdoor monitors.

The key measurements discussed in this paper are made by the Plantower sensor,

which is an optical particle sensor that provides a serial output of PM1, PM2.5,

and PM10 mass. A fan draws air into the sensing chamber where light scattered

perpendicular to the beam is measured by a photo diode detector. Previous work

has been done to calibrate and evaluate this PMS3003 based monitor in India and

the US [Zheng et al., 2018] and other work has used and evaluated other Plantower
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monitors [Kelly et al., 2017, Jayaratne et al., 2018, Gupta et al., , Marques et al.,

2018].

3.2.4 Monitor calibration

Previous work has shown that the measurement error for optical PM2.5 sensors like

the Plantower PMS3003 can be minimized by calibrating in the location where the

monitors will be deployed [Zheng et al., 2018]. A field calibration can be generated

by calculating the relationship between the monitor and a reference analyzer while

taking into account possible influences such as relative humidity (RH). During this

project monitors were calibrated by collocating them on PKU’s campus near a ta-

pered element oscillating micro-balance (TEOM), and generating a calibration based

on the 1-hour averaged data. Most monitors (n=13) were collocated for 2 days prior

to field deployment in the homes, and 1 day after field deployment in the homes (79-

82 hours per monitor in total) but some monitors (n=7) did not have both pre- and

post- data due to issues related to retrieving monitors from homes after sampling,

user error, or power supply. The remaining two monitors stayed on the rooftop near

the TEOM for the duration of the project for an extended comparison (315 and 485

hours).

Root mean square error (RMSE) and the normalized root mean square error

(NRMSE), calculated as the RMSE divided by the average PM2.5 concentration, have

been used to summarize the inter-monitor variability and the variability between the

monitors and the TEOM.
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3.3 Results and Discussion

3.3.1 Monitor calibration

The Plantower sensors provide both “raw” PM concentrations (PM1, PM2.5, and

PM10) and the same 3 concentration values with a proprietary ambient correction.

The first step of this calibration was to determine which of the two PM2.5 values to

use throughout this project. There is a non-linear relationship between the “raw”

and ambient corrected data. The ambient corrected data better takes into account

non-linearity in the sensor output at low concentrations (<60 µg m−3 “raw” R2=

0.52, Ambient R2=0.63). The ambient corrected PM2.5 concentrations have been

used throughout this paper. Previous work with this monitor has used the “raw”

output so limited comparison can be made [Zheng et al., 2018].

Details of the calibrations are presented in Table 3.1. During the pre-calibration

period, the average PM2.5 concentration as measured by the TEOM was 65 ± 40 µg

m−3 (mean ± standard deviation) while during post calibration the concentration

was lower with less variability (16 ± 6 µg m−3). One-hour PM2.5 concentrations as

measured by the TEOM were as high as 225 µg m−3 and rarely exceeded 150 µg m−3.
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Table 3.1: Calibration results for each monitor (bx). 2-step calibration provides more confident estimate.

active
cal
periods

PM2.5 TEOM 2-step
slope
changehours

mean sd
R2 slope

95%
CI

NRMSE
R2 slope

95%
CI

NRMSE
(µg m−3) TEOM b2 TEOM b2

b2 485
pre, post,
base

59 40 0.96 1.40 2% 24% 0% 1.00 1.40 2% 24% 0% NA

b10 315
pre, post,
base

63 42 0.96 1.49 2% 26% 3% 1.00 1.51 2% 25% 2% -1%

b24 82 pre, post 47 39 0.94 1.24 5% 32% 7% 1.00 1.28 3% 31% 2% -3%
b19 82 pre, post 47 39 0.95 1.27 5% 29% 7% 1.00 1.30 3% 28% 2% -3%
b27 82 pre, post 47 39 0.95 1.22 5% 31% 6% 1.00 1.26 3% 31% 2% -3%
b16 82 pre, post 47 39 0.95 1.36 5% 29% 5% 1.00 1.40 2% 28% 2% -3%
b15 82 pre, post 47 39 0.95 1.24 5% 30% 6% 1.00 1.28 3% 30% 2% -3%
b23 82 pre, post 47 39 0.95 1.35 5% 30% 5% 1.00 1.39 3% 29% 2% -3%
b9 81 pre, post 46 38 0.96 1.25 5% 27% 7% 1.00 1.26 3% 27% 2% -1%
b5 81 pre, post 46 38 0.96 1.45 5% 26% 6% 1.00 1.46 3% 26% 2% -1%
b8 81 pre, post 46 38 0.95 1.17 5% 30% 4% 1.00 1.19 3% 29% 2% -2%
b7 81 pre, post 46 38 0.96 1.49 5% 26% 8% 1.00 1.51 3% 26% 2% -1%
b6 80 pre, post 45 36 0.96 1.48 4% 25% 6% 1.00 1.47 3% 24% 2% 1%
b28 80 pre, post 45 36 0.95 1.29 5% 29% 4% 1.00 1.29 3% 28% 2% 0%
b13 79 pre, post 45 36 0.91 1.39 7% 39% 22% 0.97 1.40 5% 38% 4% 0%
b22 52 pre 65 40 0.95 1.26 7% 27% 5% 1.00 1.29 3% 27% 2% -3%
b1 52 pre 65 40 0.95 1.41 7% 27% 5% 1.00 1.45 3% 27% 2% -3%
b17 52 pre 65 40 0.96 1.39 6% 25% 5% 1.00 1.42 3% 25% 2% -2%
b18 51 pre 63 38 0.96 1.39 6% 24% 5% 1.00 1.40 3% 24% 2% -1%
b12 48 pre 64 39 0.96 1.43 6% 22% 3% 1.00 1.51 3% 22% 2% -6%
b14 30 post 16 6 0.93 1.13 10% 28% 14% 1.00 1.30 3% 30% 2% -14%
b25 17 post 13 5 0.89 0.95 17% 37% 19% 1.00 1.13 3% 36% 3% -19%
Avg 49 36 0.95 1.32 6% 28% 7% 1.00 1.36 3% 28% 2% -3%
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Calibration considerations: RH, intercept, and drift over time

Our objective was to find a standardized calibration method for all monitors that

reduces error and inter-monitor variability. We first examined the potential applica-

tion of an RH calibration but the RH influence was not significant (R2<0.4) using

the same methods as [Zheng et al., 2018]. During calibration PM2.5 concentrations

were seldom < 10 µg m−3 (4 % of the time). Due to the small amount of low con-

centration PM data, there is uncertainty in the calibration intercept. A calibration

using a linear regression with a non-zero intercept resulted in underestimates of low

concentrations of PM2.5, and led to many negative PM2.5 values during the low con-

centration periods (<10 µg m−3). Negative PM2.5 values were especially noticeable

once the calibrations were applied to the indoor data, given the lower concentrations

experienced indoors during this study. Since the intercepts were typically not signif-

icantly different than zero (linear regression intercept p < 0.05) the intercepts for all

monitors have been set to zero. Nonlinear calibrations including quadratic regression

were also considered but they did not significantly improve the R2 or the RMSE of

the monitor PM2.5 estimates.

In order to assess whether or not sensor performance deteriorated over time,

separate linear calibrations were generated for the pre- and post-calibration periods

when data was available. Pre- and post-calibration slopes were stable over the 2-week

project (pre- and post- slopes within 1%), therefore all available data was aggregated

to generate a single calibration for each monitor.

Without calibrations the monitor values were highly correlated with the TEOM

(R2=0.95), but overestimated the PM2.5 concentrations by roughly 40% on average.

The monitors were even more highly correlated amongst each other even at a one-

minute time interval, one-minute R2 > 0.97, underscoring the high precision of the
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monitors.

Comparison of two possible calibration strategies

The high correlation of each monitor with both the reference TEOM and all other

monitors (N=21) provides two possible methods of calibration: 1) calibrate each

monitor directly against the TEOM or 2) calibrate one monitor against the TEOM

and subsequently calibrate all other monitors against this calibrated monitor. The

second calibration method may be useful for future work where it is impossible or

impractical to collocate all monitors with a reference analyzer. The results of these

two calibration methods (including NRMSE and 95% confidence interval (CI) of the

slope) are summarized in Table 1. The TEOM columns show the results for a direct

calibration. The 2-step columns show the results for a 2-step calibration where first

a monitor is calibrated against the TEOM and then all other monitors are calibrated

against that calibrated monitor.

Using the direct TEOM calibration the average calibration slope is 1.32 ± 0.13

(average slope ± standard deviation for all monitors). Two times the standard de-

viation will give the 95% CI on the slopes across the different monitors. The 95%

CI across the monitors’ slopes is 0.26 or 20%. This suggests that using a single cali-

bration for a monitoring network could bias measurements from different sensors by

± 20 % and stresses the importance of generating a calibration for each individual

sensor.

For the 2-step calibration method, monitor b2 has been used as the calibrated

monitor since during this project monitor b2 was collocated with the TEOM for the

longest time period. The average calibration slope is 1.36 ± 0.11 the are similar but

significantly different using a paired t-test. This distribution of monitor calibrations

again highlights the importance of generating a calibration for each individual moni-
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tor especially for applications that require high accuracy measurements, such as this

project.

The slopes generated by the direct calibration and the 2-step method vary by -3%

on average, with a maximum difference of 19%. The slopes with the most change are

from the sensors that ran during only post calibration, where the PM2.5 was low and

had limited variability.

Difference between monitors and TEOM

The difference between the TEOM and the monitor measurements is summarized as

the NRMSE between the calibrated monitor data for each monitor and the reference

(e.g. TEOM or b2). The average NRMSE between the calibrated monitor data

and the TEOM is 28% using either method. This error is due to differences in

measurement methods and noise in the 1-hour TEOM measurements. The NRMSE

would be much lower for most of the results reported in this paper since they are

reported at averaging times longer than one hour [Zheng et al., 2018]. The 1-hour

30% error is consistent with past results and may be driven primarily by the precision

of the reference monitor [Zheng et al., 2018].

Inter-monitor variability

The 1-hour NRMSE between the monitors and monitor b2 is low on average using

either method (TEOM= 7%, 2-step= 2%). However, three monitors have an NRMSE

with b2 of 14-22% using the direct TEOM calibration method. This higher inter-

monitor variability is undesirable in applications like ours since many comparisons

are made between monitors in different locations (i.e. indoor and outdoor or outdoor

across different locations) - for our application we want the difference between data

from monitors to be due to real differences in localized pollutants not monitor vari-
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ability. Using the 2-step calibration the maximum NRMSE for any monitor with b2

is only 4%. By reducing the inter-monitor variability we make it easier to distinguish

whether home A indoor is different than home A outdoor or whether home A out-

door is different than home B outdoor. The reason for this difference in inter-monitor

variability will be discussed in the following section.

Calibration error: slope confidence

The CI’s of the calibration slopes show how much bias the calibration may be adding

to our low-cost measurements. The 95 % CI on the direct TEOM calibrations were

calculated using two times the standard error of the slope. The standard error is

the square root of the variance of the variable and was calculated using the linear

regression function in R. The 95% CI of the direct calibration between b2 and the

TEOM (CITb2) is used in the calculation of the two-step calibration 95% confidence

interval. The 95% CI on the 2-step calibration was calculated by combining the

95% CI between the individual monitor and b2 and CITb2 using the rule for error

propagation when multiplying [Caldwell and Vahidsafa, ].

When comparing the 95% CI on the slopes, the 95% CI on the 2-step Plantower

calibration is 2-5% while the 95% CI on the direct TEOM calibration is 2-17%.

The direct calibration with the TEOM is limited in that only a few days worth

(roughly 2 days prior to home deployment and 1 day after home deployment) of

data are being used for the calibration. In contrast, when the 2-step calibration is

applied, the initial relationship (calibration of b2 against the TEOM) is estimated

using more than 2 weeks worth of data. Based on the central limit theory gathering

a large enough sample will give us a normal distribution around the true mean value

or in this case the true mean relationship between the low-cost monitors and the

TEOM. Some monitors do not have enough data points to generate a confident
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mean relationship directly between the monitor and the TEOM. However, since the

inter-monitor correlation is relatively high (R2>0.97), the accuracy of the calibration

generated with the 2-step calibration seems to be independent of hours sampled.

Selected 2-step calibration method

The two-step calibration has been selected since it gives a more confident estimate

of the slope than calibrating directly against the TEOM. The 2-step method reduces

the CI of the calibration slope, thereby reducing the calibration error imposed on the

monitor readings. The 2-step method reduces the error more for the monitors that

ran for the shortest time. These results suggest that roughly 24 hours of calibration

against a reference monitor of the same type (e.g. Duke Plantower based monitor)

could be sufficient to generate a calibration. In addition, the 2-step method does not

require as dynamic a range of PM2.5 to generate a calibration estimate (95% CI <

10%) as demonstrated by the monitors with only post-calibration data (PM2.5 = 16

± 6 µg m−3). It should be noted that during the time drift analysis in section 4.1.1

the 2-step calibration was used to determine that there was no change in calibration

from the pre-calibration to the post calibration periods.

This 2-step calibration strategy is an important result for future field projects.

This analysis suggests that a single calibrated base station monitor can be used to

calibrate the other monitors with limited collocated calibration data (< 1 day). This

method can provide a lower budget way to calibrate optical monitors where less

collocation time is required and may provide a way to quickly check calibrations

periodically over the course of longer projects. In addition, if all monitors cannot be

brought to a single collocation site a reference monitor could be rotated to different

sites to calibrate each monitor over short time periods after undergoing it’s own

calibration with a true reference analyzer (i.e. federal reference, federal equivalent,
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other non-optical method).

3.3.2 Influence of indoor filtration on indoor PM2.5

Indoor and outdoor PM2.5 concentrations at each home from roughly Jul 30th until

Aug 16th are shown in Figure 3.2 and Table 3.2. One-hour outdoor concentrations

range from roughly 25 to >200 µg m−3 while indoor concentrations range from <1

to >200 µg m−3 (Figure 3.2). Although the participants’ homes were spread across

Beijing, many similar events are recorded by PM monitors across the city (i.e. steep

decreases in PM levels of roughly 100 µg m−3 in PM2.5 seen on Aug 7 and Aug 12

(Figure 3.2)).

Table 3.2: Summary of indoor and outdoor PM2.5 concentrations and indoor to
outdoor ratios (I/O) by home during true and sham filtration (roughly 1 week of
each), and the percent reduction experienced with true filtration.

SHAM TRUE
Home Out In I/O Out In I/O % I/O

(µg m−3) (µg m−3) (µg m−3) (µg m−3) reduction
1 53 17 0.32 62 4 0.06 80%
2 41 47 1.15 70 24 0.34 70%
3 38 42 1.11 19 32 1.68 -52%*
4 62 47 0.76 61 18 0.30 61%
5 65 47 0.72 49 7 0.14 80%
6 44 36 0.82 36 3 0.08 90%
7 61 35 0.57 60 5 0.08 85%
Mean* 54 38 0.72 56 10 0.17 78%
StdErr* 10 12 0.27 12 9 0.12 11%
*Home 3 excluded since non-compliant

During true filtration, significantly larger differences (t-test, p-val<0.05) were

observed between indoor and outdoor concentrations than during sham filtration in

most homes (Table 3.2). Home 3 is an exception where even during true filtration

indoor and outdoor concentrations are similar. The similarity in indoor and outdoor
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concentrations suggests participant non-compliance with this confirmed during home

visits during which windows were often open. Since the windows were open for

the majority of the sampling period, Home 3 was omitted from the analyses in this

section.

Average indoor concentrations were significantly lower during true filtration (10

µg m−3) than during sham filtration (38 µg m−3). The average indoor concentration

during sham filtration is similar to the indoor concentration during the non-heating

season (i.e. warm months where indoor heating is not required) during a larger scale

indoor study in Beijing (46 µg m−3)[Zuo et al., 2018]. Our indoor concentrations

were likely somewhat lower than they would be naturally because we requested that

participants keep their windows closed. Some participants, especially those without

air conditioning, would have opened the windows more often if we had not requested

that they keep the windows closed as part of the study.

Indoor to outdoor ratios

Since indoor PM2.5 is typically dependent on outdoor PM2.5, a simple way to evaluate

an indoor intervention, such as an air purifier, is by calculating the indoor to outdoor

pollutant ratio (I/O) and comparing I/O during the true and sham periods. This

allows the indoor and outdoor concentrations to be normalized by taking into account

the differences in outdoor concentrations during different times and locations across

the city.

For both true and sham filtration, Home 1 has the lowest I/O ratio (sham=0.32,

true=0.06), and Home 2 the highest I/O (sham=1.15, true=0.34) (Table 3.2). Home

2 is the only home with an I/O greater than 1 during sham filtration, which suggests

significant contributions from indoor sources.

All compliant homes saw significant I/O reductions of at least 60%, ranging from
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90% in Home 6 to 61% in Home 4 (average=78%). This is an important result since

for most homes, true filtration allows their home to meet the WHO daily ambient

health standard of 25 µg m−3 [World Health Organization, 2016] indoors. Since

ambient outdoor concentrations in Beijing usually peak in the fall months, with

average concentrations of typically 90 µg m−3 (this study average= 55 µg m−3)

[Zhang and Cao, 2015] the reduction in indoor concentrations due to air purifiers

could be even more important during the fall and high air pollution episodes.

A previous study in Beijing showed I/O of 0.27 during true filtration, and an

average ratio of 0.67 during sham filtration [Shao et al., 2017]. We observed similar

results in our studies with slightly lower ratios during true filtration (0.17) and slightly

higher ratios during sham filtration (0.72).

Estimating indoor infiltration factors

Indoor PM may come from indoor sources, or may be due to infiltration from out-

door PM2.5. Identifying the contribution of indoor and outdoor sources may help

to determine the most effective mitigation strategy for improving indoor air quality.

Infiltration factors can be calculated to estimate the fraction of outdoor PM that

enters the indoor environment while taking into account indoor sources as shown by

Eqn. 4.1 [Chen and Zhao, 2011]. Under steady state conditions, the indoor concen-

tration (Cin) can be represented as a function of the outdoor concentration (Cout),

the effective infiltration factor (Fin) and the effective indoor source (s) as follows:

Cin = Fin ∗ Cout + s (3.1)

The effective infiltration factor is a function of the air exchange rate, the particle

penetration factor, and the particle removal (which includes deposition and purifier
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use). The effective indoor source strength is a function of the indoor source, the

room volume, and removal rate [Chen and Zhao, 2011]. The infiltration factor and

the effective indoor source can be estimated by determining the slope and intercept,

respectively, of the indoor versus the outdoor PM2.5 data.

Although there is often a time lag between indoor PM2.5 approaching equilibrium

with outdoor PM2.5, this time lag is typically assumed to be negligible for measure-

ment time periods of 24 hours or more [Diapouli et al., 2013]. In this case, we have

generated 24-hour averages of the indoor and outdoor data for comparison. Both

sham and true periods had four to eight 24-hour data points depending on how many

complete 24-hour periods were sampled in the homes. Although indoor sources are

likely to vary over the course of a day due to household activities (cooking, use of

personal care products, cleaning, etc.), we assume they stay relatively constant from

day to day. A low R2 between the indoor and outdoor 24-hour averages suggests

the relationship between indoor and outdoor concentrations is not constant from

day-to-day (at least over the days we sampled).

During sham filtration, 5 (of 6) compliant homes have coefficients of determination

above 0.5 suggesting consistent 24-hour average relationships between outdoor and

indoor PM2.5 concentrations (Table 3.3). During the sham period, the contribution

from indoor sources are insignificant for all homes except Home 2. Home 2 also had

the only I/O greater than 1. In Home 2 the indoor source of 14.1 µg m−3 and the Fin

of 0.8 suggests that at an outdoor PM2.5 concentration of 55 µg m−3 (project outdoor

average), 75% of indoor PM2.5 is attributed to outdoor sources. The average Fin and s

for all homes during sham filtration suggests that 94% of PM2.5, on average, is coming

from outdoor sources. Previous work by Ji and Zhao [Ji and Zhao, 2015] has found a

lower contribution of outdoor air to indoor PM2.5 (54-63%) when windows are closed

and a 92% contribution from outdoor air when windows are open [Ji and Zhao, 2015].
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While our results reflect conditions in a small subset of homes - those with windows

closed and who do not have indoor air purifiers - this type of analysis highlights that

most indoor pollution is primarily derived from infiltration from outdoor PM, even

with the windows closed.

Table 3.3: Effective infiltration factors (Fin unit-less fraction) and effective indoor
sources (s µg m−3) by home as generated by regressing the 24-hour averaged indoor
concentration by the outdoor concentration using the following equation: Cin =
Fin*Cout + s.

SHAM TRUE

Home Fin s R2 Fin s R2 Fin

reduction
1 0.31 * 0.87 0.0023 * 0.57 99%
2 0.80 14.1 0.88 0.29 * 0.77 64%
4 0.76 * 0.99 0.28 * 1.00 63%
5 1.03 * 0.86 0.15 * 0.98 85%
6 0.80 * 0.97 0.10 * 0.97 88%
7** -0.08 43.2 0.14 0.03 3.5 0.02 NA
Average** 0.74 2.82 0.91 0.16 0 0.86 80%
*Intercept insignificant (p > 0.05) so set to zero
**Home 7 excluded from average and reduction calculation
since relationship not significant

The addition of a household air purifier influences the effective infiltration factor

and the effective indoor source. During true filtration, none of the effective indoor

sources were significant. The same five homes had R2 values above 0.5 during both

true and sham filtration and the effective infiltration factor was reduced in these

five homes. The average reduction in the effective infiltration factor is 78%. This

reduction is very similar to the reduction in I/O ratio (80%) suggesting roughly 2%

of reduction in I/O is due to reducing effective indoor sources. This type of analysis

can give us an idea of the potential utility of these air purifiers in homes around

Beijing.
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3.3.3 Influence filtration on personal exposure to PM2.5

Personal exposure data were collected during 48 hours of each intervention period.

All 7 homes have high data completion with almost 48 hours of PM2.5 data collected

during both true and sham filtration. For the most part, the personal exposure data

follows indoor or outdoor concentration levels depending on where the participant is

located at different times of the day (Figure 3.2). Table 3.4 shows the indoor and

outdoor averages from the two 48-hour monitoring sessions. The 48-hour indoor and

outdoor averages in Table 3.4 are more variable than the 1-week indoor or 2-week

outdoor averages shown in Table 3.2.

Table 3.4: Average 48-hour PM2.5 personal exposure (P) compared to the average
indoor (I) and outdoor (O) concentrations during the same 48-hour period. Personal
to outdoor (P/O) and personal to indoor (P/I) unit-less ratios are included along
with a percent reduction in personal to outdoor ratios from sham to true filtration.
The average values with the standard error (SE) are provided at the bottom of the
table.

SHAM TRUE
Home O I P P/O P/I O I P P/O P/I P/O

(µg m−3) (µg m−3) reduction
1 29 7 26 0.89 3.68 57 0 32 0.56 96.4 36%
2 30 43 40 1.34 0.94 76 13 19 0.26 1.50 81%
3 47 49 53 1.13 1.08 12 12 21 1.71 1.75 -51%
4 69 46 55 0.80 1.20 29 9 17 0.58 1.96 28%
5 77 76 60 0.78 0.79 64 9 42 0.65 4.50 16%
6 52 48 52 1.01 1.09 54 5 47 0.87 8.52 15%
7 73 34 42 0.57 1.22 47 2 26 0.36 11.7 37%

Mean* 55 42 46 0.90 1.49 55 6 31 0.55 20.8 36%
SE* 4 4 2 0.04 0.18 3 1 2 0.04 6.21 4%

*Home 3 excluded due to non-compliance

The lowest average 48-hour personal exposure during sham filtration was 26 µg

m−3 in Home 1. The highest personal exposure during sham filtration was seen in

Home 5 with a 48-hour average of 60 µg m−3. Homes 1 and 5 also had the lowest

and highest indoor and outdoor concentrations respectively during these periods.
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Figure 3.2: PM2.5 concentration time-series plot for monitors used in Homes 1-
7. Indoor concentrations track outdoor concentrations more closely during sham
filtration and personal exposure often tracks either indoor or outdoor concentrations.
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During true filtration, personal exposure ranged from 19 µg m−3 in Home 2 to 47

µg m−3 in Home 6. Personal exposure was lower, on average, during true filtration

(33 µg m−3) than sham filtration (46 µg m−3). All participants, with the exception

of participant 1, had lower personal exposure during true filtration. Participant 1

had higher personal exposure during true filtration but this is likely due to the higher

outdoor concentrations during this period.

Ratios of personal exposure to outdoor concentrations

Personal to outdoor ratios (P/O) and personal to indoor ratios (P/I) are listed in

Table 3.4. The P/O has been used to assess how well the interventions worked since

personal exposure is typically a function of outdoor concentration. The difference

in actual personal exposure (in µg m−3) would be more important for health effects

while the ratio can allow for comparisons of true and sham personal exposure even if

outdoor concentrations were significantly different. Average outdoor concentrations

for individual homes varied by up to 40 µg m−3 between the true and sham periods.

During sham filtration, the average P/O was 0.92 for compliant homes but ranged

from a minimum of 0.57 in Home 7 to a maximum of 1.34 in Home 2. In Home 2 the

sham I/O was also well over 1 during personal exposure monitoring (sham I/O=1.43)

leading to this P/O greater than 1. A previous study in Beijing showed an average

P/O ratio of 0.80 [Du et al., 2010]. This is similar to our P/O even though the

average ambient concentration was much higher during the Du et al. study than

this study ([Du et al., 2010]: 128.5 µg m−3, this study: 55 µg m−3). The similarity

in P/O ratios may suggest that P/O is independent of outdoor concentration over

a moderate outdoor PM2.5 concentration (55-130 µg m−3) but a larger study over a

longer time period would be needed to confirm this.

During true filtration, P/O were significantly lower on average (0.62) than during
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sham filtration (0.92). P/O ranged from 0.86 in home 6, also the home with the high-

est personal exposure, to 0.26 in home 2 which had the lowest personal exposure. The

P/O decreased in all compliant homes by 36% on average (min-max=15-81%) when

comparing sham with true filtration. The highest reductions in personal exposure

were seen in Home 2 (81%).

Correlation between personal exposure and outdoor PM2.5

The one-hour paired personal and outdoor concentrations are plotted in Figure 3.3.

On the plot, the one to one line highlights that true filtration is able to reduce the

number of hours where personal exposure exceeds outdoor ambient concentrations

(points above the 1:1 line: sham= 38%, true= 27%). The colors indicate time of day

where evening and night is 5 pm-5 am, and morning and afternoon is 5 am-5 pm.

The filtration drops the number of hours with higher personal exposure during the

evening (5 pm-10 pm sham=45 %, true= 18%) and night (10pm-5am sham= 19%

true=9%) hours when the participants are spending more of their time at home and in

their bedroom. Filtration has less impact on the concentrations during the afternoon

(12 pm-5 pm sham= 54 %, true= 41%) and morning hours (5am-12pm sham= 40%,

true = 41%). The hours during which participants experience concentrations above

outdoor values suggests local sources. These hours are of particular interest because

they highlight time periods when participants have the opportunity to lower their

exposure through a simple personal action by avoiding a local source.

Currently there is no one-hour standard for exposure to ambient PM2.5 and there

is uncertainty in the health impacts of shorter exposure periods like the one hour

exposures shown in Figure 3.3. The WHO 24-hour standard for ambient PM2.5 is 25

µg m−3 [World Health Organization, 2016]. During the project the 24-hour average

outdoor PM2.5 and personal exposure to PM2.5 are often above 25 µg m−3. Even
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Figure 3.3: Relationship between the hourly personal exposure concentrations as
compared to the hourly outdoor PM2.5 concentration at each home during true and
sham filtration. Points above the 1:1 line indicate that personal exposure is higher
than the ambient outdoor PM2.5 concentration.

with filtration, most of the 1-hour personal exposure measurements are well greater

than 25 µg m−3 leading to 24-hour averages above 25 µg m−3 in some cases.

During sham filtration the linear relationship between 1-hour personal exposure

and the outdoor ambient concentration is: personal=0.60*outdoor+14. The relation-

ship of both the slope and intercept are significant (p<0.05) but they are moderately
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correlated (R2=0.47) suggesting the outdoor PM2.5 concentration explains only about

half of the variation in the personal exposure experienced by the participants. During

true filtration the linear relationship between personal exposure and outdoor PM2.5

is personal=0.15*outdoor+27. Although both the slope and intercept are again sig-

nificant outdoor PM2.5 is not a good predictor of personal exposure (R2= 0.03). The

48-hour personal exposure was slightly more correlated with outdoor PM2.5 concen-

trations than the 1-hour measurements during sham filtration (R2=0.58) than true

filtration (R2=0.14), but this does not change the findings of the analyses. These

low correlations suggest that outdoor PM2.5 is not a good indicator of personal ex-

posure, and highlights the utility of these additional indoor and personal exposure

measurements.

3.4 Conclusions

This paper demonstrates an efficient calibration method that calibrates low-cost mon-

itors against a calibrated low-cost monitor as opposed to directly against a reference

monitor (i.e. TEOM). This 2-step method lowers the amount of collocation time

required to generate a calibration for most monitors since only one monitor must be

collocated for an extended period of time. After calibration with this method, the

low-cost monitors had low inter-monitor variability (1-hour average NRMSE= 2%).

In homes where the windows remained closed, purifiers reduced the average in-

door to outdoor ratios by 78% (average I/O sham = 0.72, average I/O true = 0.54).

Indoor and outdoor concentrations were correlated (R2 > 0.57) in all but one of the

compliant homes with minimal contributions from indoor sources. This highlights

that bedroom PM2.5 is coming primarily from outdoor sources and not from partic-

ipants actions in their homes. One issue with a filtration intervention is that, not
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surprisingly, purifiers are less effective in rooms with windows opened. During hot

summers, in homes without air conditioning, sleeping with the windows closed can

be uncomfortable forcing residents without air conditioning to choose their health or

their personal comfort. In cases of extreme heat this may be the choice between two

unsafe situations: high air pollution or unsafe bedroom temperatures.

The average personal exposure was 46 µg m−3 during sham filtration and 31 µg

m−3 during true filtration. Personal exposure to outdoor ratios was reduced in all

compliant homes by 36% on average (min-max=15-81%). This study highlights that

to achieve even lower personal exposure, additional actions must be taken to reduce

outdoor air infiltrating into the home, or actions need to be taken at the city or

country level to reduce PM2.5 pollution.

This study shows the feasibility of deploying low-cost PMS3003 based monitors

for indoor, outdoor, and personal exposure monitoring. Low correlations between

personal exposure and outdoor measurement highlight the need for these monitors to

provide additional monitoring since ambient PM2.5 is not a good estimate of personal

exposure.
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Chapter 4

Low-cost sensor methods for evaluating
exposure to PM2.5 and O3 and the impacts
of indoor air filtration in Shanghai

4.0.1 Co-author contribution

Karoline Johnson: Design of the work, data collection, data analysis and interpreta-

tion, drafting the article

Michael Bergin: Conception of the work, data interpretation, critical revision of

the article

Christina Norris: Data collection, data analysis, critical revision of the article

Tongshu Zheng: Data analysis

James Schauer: Data interpretation

Junfeng Zhang: Conception of the work

4.1 Introduction

Environmental pollution and specifically air pollution is one of the leading causes

of disease and premature death today [Landrigan et al., 2018]. Fine particulate

matter (PM2.5) and ozone (O3) are two of the largest contributors to this burden

of morbidity and mortality [Landrigan et al., 2018]. Ozone is a serious problem in

Shanghai with almost one third of the days of the year out of attainment according

to the Chinese standard (maximum daily 8-hour average O3 concentration of >160

µg m3) [Gong et al., 2018]. Although PM2.5 pollution is improving in Shanghai, 15%
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of days are still out of attainment (daily PM2.5 concentration >35 µg m3) with an

average annual concentration of roughly 50 µg m−3 during 2016 [Zhao et al., 2018].

This annual average PM2.5 concentration is still 5 times the WHO annual standard

of 10 µg m−3 [World Health Organization, 2016].

Certain populations are particularly sensitive to air pollution. This includes peo-

ple with asthma [Orellano et al., 2017], those who are active outdoors [Li et al., 2015],

and children [Shannon et al., 2004]. Greater impacts may be felt by children as their

lungs are still developing, leading to both short- and long-term health consequences

[Shannon et al., 2004], and some research has shown that even the lung function

of healthy children in China is affected by air pollution [Chen et al., 2018b]. Since

air pollution is known to exacerbate asthma symptoms, asthmatic children are even

more at risk than their asthma-free counterparts [Orellano et al., 2017].

Regardless of the origin of pollutants, most exposure occurs indoors since this

is where people spend the most time [Zhang et al., 2013] - in China, people spend

roughly 82% of their time indoors [Wang et al., 2008]. In addition, recent work

in Shanghai has shown that outdoor air pollution is responsible for sick building

syndrome symptoms. This highlights the need to reduce outdoor air pollution and

the penetration of outdoor pollution into the indoor environment [Sun et al., 2018].

In China, individuals often seek actions to reduce their personal exposure and the

potential adverse health impacts of exposure to air pollutants [Wang et al., 2016, Sun

et al., 2017] - it is well know that reducing exposure to air pollution has the potential

to significantly benefit health [Morishita et al., 2015]. For affluent Chinese residents,

air filtration is a common intervention [Sun et al., 2017]. Previous work has shown

that air filtration can reduce indoor PM concentrations and can be beneficial to

health [Cui et al., 2018, Fisk, 2013, McDonald et al., 2002, Chen et al., 2015], but

the performance of purifiers varies depending on the device and the environment in
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which it is deployed [Zhang et al., 2011]. Many previous studies of air purifiers have

been conducted in less polluted parts of the world, have not allowed participants to

follow their normal daily activity patterns, or have not monitored personal exposure.

Air pollutants vary spatially and people living in different parts of the same city

may have significantly different exposures, leading to different risks of various health

outcomes [Ouyang et al., 2018]. In addition, personal exposure is a sum of expo-

sures from all environments a person visits over the course of a day. Many of the

environments are indoors and may not be directly relatable to outdoor concentra-

tions. Previous work has shown that ambient measurements are not a good proxy for

personal exposure [Niu et al., 2018] and that error in exposure estimates or measure-

ments can mask the relationship between air pollution exposure and health outcomes

[Suh and Zanobetti, 2006, Goldman et al., 2011].

Low-cost monitors can be used to monitor in dense networks, in micro-environments,

and for personal exposure [Koehler and Peters, 2015]. Performance of these sensors

varies and the importance of calibrating and evaluating these sensors in each environ-

ment where they will be deployed has been highlighted in previous studies [Snyder

et al., 2013, Jiao et al., 2016, Zheng et al., 2018, Johnson et al., 2018, Morawska

et al., 2018, Feinberg et al., 2018]. This work is an important addition to the field

as it evaluates the performance of a relatively large number of low-cost monitors

(>40) over a longer time period (>2 months) than many previous studies, and then

uses these monitors to evaluate a filtration intervention and the spatial variation of

pollutants.

In this paper we present field measurements of PM2.5 and O3 conducted in sub-

urban Shanghai from February until April of 2017. Low-cost monitors were deployed

to examine the impacts of an air purifier on personal exposure and indoor PM2.5

and O3 during two 2-week filtration periods (one true and one sham). To ensure the
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accuracy of these measurements, a calibration was first developed and applied for

both the PM2.5 and O3 measurements.

4.2 Materials and methods

4.2.1 Study design

The study was a cross-over design where participants received two weeks of both

true and sham filtration separated by a two week washout period. Purifiers were

set up in the participants’ bedrooms and the participants and their families were

instructed to leave windows and doors to the bedroom closed. This is similar to the

study design used during our shorter pilot project with adults in Beijing, completed

July-August of 2016 [Zheng et al., 2018]. The subjects were separated into four

groups with the starting dates of each group staggered over four consecutive weeks to

accommodate the limitations in hospital personnel for health visits, and available air

monitoring equipment. The first group started between February 14th and 18th and

the final group started between March 10th and 11th. All in-home measurements

were completed by April 22nd.

4.2.2 Subject recruitment

Forty-three asthmatic children, 5-14 years old, were recruited by a pediatric physician

at Shanghai First People’s Hospital. The study was approved by both Duke campus

institutional review board (IRB) and by First People’s Hospital IRB. The Hospital is

located in Songjiang, a suburb to the southwest of Shanghai (Figure 4.1). Children

resided in 42 homes with 1 set of twins residing in the same household. Homes were

located within a 15 km radius of the hospital.
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Figure 4.1: Home locations across Songjiang (blue).

4.2.3 Air purifier

AmwayTM Atmosphere air purifiers were used during this study with coarse, high

efficiency particulate air (HEPA) and activated carbon filters installed during true

filtration. During sham filtration, only the coarse pre-filter was installed in addition

to a piece of gauze so that participants could not easily determine visually whether

it was a true or sham device. The current model of the Atmosphere air purifier costs

$1,770, with replacement HEPA and activated carbon filters costing $163 and $114

respectively [Amway, 2013]. The Amway website states that the HEPA filter lasts 1-3

years depending on the location of use while the activated carbon filter has a lifespan

of 4̃ months. On Amway’s website the company reports “The Atmosphere Sky Air

Treatment System is the[...]only air purifier among top competitors to reduce odors
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like cooking, pet, formaldehyde, mildew and chemicals like ozone.**[...]**Based on

internet claims as of February 2018” [Amway, 2013].

The purifier was operated on level 2 (maximum=5) for a manufacturer reported

clean air delivery rate (CADR) of 2.8 m3min−1. This setting was the highest level

deemed quiet enough to not disturb participants.

4.2.4 Air monitoring plan

Low-cost PM2.5 and O3 monitors were set up in every child’s bedroom for both 2-week

filtration periods. Half of the homes also had outdoor monitors set up for the 2-week

period. For homes without an outdoor monitor, data from nearby homes were used

in the analyses. Children also carried personal exposure monitors for 48 hours during

each filtration period, although the exact timing of this within the two-week filtra-

tion period varied by home. During personal exposure monitoring children or their

guardians also filled out time-activity questionnaires with their location and activity

every hour. This time-activity data will be discussed further in future publications.

During the personal exposure monitoring periods, 48-hour quartz and Teflon fil-

ters were collected in participants’ bedrooms and outside their home. During personal

exposure monitoring, participants carried a bag including a low-cost PM2.5 and O3

monitor and a Teflon filter sampler. Twenty homes also had VOC and aldehyde mea-

surements taken for an hour and a half period during both true and sham filtration.

Detailed analysis of the filter-based and VOC monitoring will also be discussed in

future publications.
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4.2.5 Low-cost air monitor design

The low-cost air monitors used during this project were developed at Duke University

since no monitors on the market met our needs in terms of reliable data storage, price,

and verified performance. These monitors have been used and evaluated by our group

in a previous studies [Zheng et al., 2018]. These monitors use Alphasense A series

electrochemical sensors for O3 (OX-A4), Plantower PMS3003 sensors for PM2.5, and

Sensirion SHT-15 sensors for temperature and relative humidity (RH). They contain

a Teensy micro-controller that logs one-minute, time-stamped data to an SD card.

Additional information about these monitors can be found on our group’s website

(http://dukearc.com/).

The Plantower sensor is an optical particle sensor that provides a serial output

of PM1, PM2.5, and PM10 mass concentrations. The Plantower sensors provide both

“raw” data and data with an ambient correction. For this study, the ambient cor-

rected data have been used since they are more highly correlated with reference

measurements. In the Plantower sensor, a fan draws air into the sensing chamber

where a photo diode detector measures light scattered perpendicularly. A number of

commercially available air monitors such as the PurpleAir platform (purpleair.com)

include Plantower sensors. Monitors containing Plantower sensors have been cali-

brated, evaluated, and used to answer research questions in a number of previous

studies [Jayaratne et al., 2018, Kelly et al., 2017, Singer and Delp, , Marques et al.,

2018, Marques et al., 2018], and one previous study was done to calibrate and evaluate

this specific Duke-developed monitor in India and the US [Zheng et al., 2018].

The Alphasense ozone sensor is an electrochemical sensor that contains two cells

- one for measuring total NO2 and O3 and the other for measuring NO2 alone. Sub-

tracting data from the two sensors gives the O3 concentration. Each cell contains
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three electrodes - working, reference and counter. The working electrodes measure

the electrical current from the redox of the target gas while the counter electrode bal-

ances the working electrode with the opposite redox reaction. The reference electrode

has a stable potential and supports the proper function of the other two electrodes.

Alphasense electrochemical sensors have been evaluated in a number of previous field

[Cross et al., 2017, Spinelle et al., 2015, Pang et al., 2017] and lab studies [Afshar-

Mohajer et al., 2018, Pang et al., 2017].

All outdoor and some indoor monitors were enclosed in hard PVC electrical boxes.

A personal monitoring case was designed specifically for this study (Figure 4.2) and

was also used for most monitors collecting data indoors. The case was designed to

be highly water resistant so that sensors could be hung outdoors during calibration

periods and would not be damaged if they were carried in the rain for short periods

of time. The monitors were typically worn on a side bag around the hip of the

child with the tubing for the Teflon filter extending up to their shoulder (Fig 4.2A).

Figure 4.2B shows a close up of the redesigned monitor enclosure. Ozone sensors

were located directly under the open slits shown in 4.2B allowing air to passively

diffuse into the gas sensors. Unlike our outdoor design, in which sensors are flush

with the bottom of the monitor case, this design had the added benefit of protecting

gas phase sensors from curious children. The inlet to the Plantower is located in an

opening under the overhang of the case. The round bottom on the monitor makes

it hard to set the monitor down in a way that obstructs air flow. Figure 4.2C shows

both personal monitors (top railing) and outdoor monitors (bottom railing) hanging

during calibration at the reference site. Calibration will be discussed in greater detail

in the next section.
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Figure 4.2: A. Child wearing personal monitor, with the filter sampler near
the chest and the monitor circled on the hip, B. close up of newly designed
personal exposure/indoor monitor set up in indoor location, C. personal
monitors (top railing) and monitors used predominantly outdoors (bottom
railing) collocated during calibration at Qingpu environmental station - mon-
itors of both types were used for sampling indoors.

4.2.6 Reference measurements

Real-time reference analyzers for calibration at the Qingpu station

Low-cost monitors were collocated with reference instruments at the Qingpu environ-

mental monitoring station before and after being deployed in homes. Pre-calibration

occurred from Feb 8th until Feb 12th and post-calibration occurred from Apr 22 until
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Apr 26th. Some monitors had an additional week of post calibration (April 16- April

26) as only 10-12 homes were monitored during the first and last weeks of our project

while 20-24 homes were monitored during the middle 7 weeks due to the staggered

nature of the data collection. The data from these collocation periods was used to

calibrate the monitors.

The Qingpu environmental station is the closest monitoring station to our study

location and is 16.5 km northwest of the First People’s Hospital (Figure 4.1). This

site is part of China’s environmental monitoring network, and has a number of ref-

erence analyzers including a Tapered Element Oscillating Microbalance (TEOM) for

PM2.5 and a Thermo Scientific 49i analyzer for O3. These two analyzers were used

to generate calibrations for the low-cost monitors during this project. One-hour data

from the reference monitors, were collected at this station over the duration of the

project. Calibrations were generated between 1-hour averaged monitor and reference

measurement methods during the collocation periods. Previous studies show signif-

icant RH influence for optically-based PM measurement methods [Jayaratne et al.,

2018, Zheng et al., 2018], which has been taken into account with our calibration

method.

Time integrated filter samples for monitor evaluation

As mentioned previously, 48-hour filter samples were collected alongside monitor

measurements in each home indoors, outdoors, and for personal exposure during

both true and sham filtration. In addition, 24-hour filters were collected daily on the

roof of the hospital alongside a low-cost monitor. Teflon (37mm) filters were collected

in all locations (i.e., indoor, outdoor, personal) while quartz filters were used only in

indoor and outdoor locations. AirCheck XR5000 (SKC) pumps were used to collect

all filter samples. They were programmed to run for 48-hours and flowrates were set
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and checked before and after each sampling period using a Defender flow calibrator

(MesaLabs). Stationary samplers indoors and outdoors ran at 4 liters per minute

(lpm) with a 4 lpm PEM while personal samplers ran at 2 lpm with a 2 lpm PEM.

The personal filters were run at a lower flowrate to reduce noise and conserve battery

power of the pumps. The PM2.5 mass measured on these collocated filters was used to

further explore the performance of the monitors and the calibration method generated

using data from the TEOM.

4.2.7 Indoor to outdoor and personal to outdoor ratios

Often, indoor air quality and personal exposure are influenced by outdoor pollutant

concentrations. Normalizing to the local outdoor measurements allows us to control

for differences in outdoor concentrations on different days and across the city. In all

cases, the indoor to outdoor or personal to outdoor ratios have been calculated for the

hourly data and these ratios have been averaged to generate the personal to outdoor

ratios for the full time series. First taking the ratio and then averaging provides

a different ratio than first averaging all the indoor concentrations and dividing by

the average of all the outdoor concentrations but is able to account for hours where

personal or indoor concentrations are much higher than the outdoor concentration.

4.2.8 Regression of indoor on outdoor concentrations

The relationship between indoor concentrations and outdoor concentrations was also

explored. Indoor pollutants may originate from indoor sources such as cooking, clean-

ing, or other household actives, or may be due to infiltration from outdoor sources.

Examining the contribution of indoor and outdoor sources may help to identify effec-

tive strategies for improving indoor air quality, personal exposure, and human health.
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Effective infiltration factors can be calculated to estimate the fraction of the outdoor

pollution that enters the indoor environment while taking into account indoor gener-

ated pollution by regressing indoor and outdoor pollutant concentrations [Chen and

Zhao, 2011] as shown by the following equation:

Cin = Fin ∗ Cout + s (4.1)

Where Cin is the indoor concentration, Cout is the outdoor concentration, Fin is

the effective infiltration factor and s is the effective indoor source. The effective

infiltration factor is a function of the air exchange rate, the particle penetration

factor, and removal (which includes deposition and purifier use). The effective indoor

source strength is a function of the indoor source, the room volume, and removal rate

(which also includes deposition and purifier use) [Chen and Zhao, 2011].

4.2.9 Comparison statistics between true and sham

Data was analyzed in R during this project [R Core Team, 2015]. As data were

collected continually, each home has a large number of 1-hour data points during

each type of filtration. For each home, these two data sets (i.e., true, sham) were

compared using the Mann-Whitney U Test test to determine if concentrations or

ratios are significantly different from the true to sham periods since many of our data

sets are non-normally distributed. To determine if the overall difference was different

between the true and sham periods a Wilcoxin signed rank test was used pairing by

home [Bauer, 1972].
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Low-cost monitor performance

Performance of the low-cost monitors has been evaluated using root mean square

error (RMSE) between each individual monitor and a reference measurements (e.g.

TEOM, filter, or O3 analyzer). The normalized RMSE (NRMSE) has also been

used. NRMSE has been calculated as the RMSE divided by the average of the 2

measurement methods.

4.3 Results and Discussion

4.3.1 Monitor calibration and performance

This section includes an overview of the environmental conditions experienced dur-

ing the pre- and post- calibration periods as recorded by the reference analyzers at

the Qingpu station. Figure 4.3 shows the PM2.5 and O3 concentrations along with

temperature and RH over the project duration at both 1-hour and 1-week averages.

The first and last week averages show roughly the average concentrations during pre-

and post-calibration.

During pre-calibration the temperature was 4.8 ± 3.6 ◦C (mean ± standard de-

viation (sd)) with an RH of 61 ± 22 %. Ozone concentrations averaged 35 ppb ± 18

ppb and PM2.5 concentrations averaged 58 ± 28 µg m3. During post-calibration the

temperature was much warmer at 18 ± 3 ◦C with a higher RH of 72 ± 16 %. O3

concentrations were also higher than during pre-calibration, averaging 55 ± 24 ppb

and PM2.5 concentrations were somewhat lower and less variable (52 ± 16 µg m3).

Some monitors were calibrated for an extended post-calibration but conditions were

similar to those of the shorter post-calibration (temperature= 20 ± 4 ◦C, RH= 71.4

± 16.4 %, O3 = 55 ± 26 ppb, PM2.5= 52 ± 19 µg m3).
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Figure 4.3: Hourly and weekly averaged PM2.5 and O3 concentrations, and tem-
perature and relative humidity as recorded by reference analyzers at the Qingpu
monitoring station over the entire project. Hourly and weekly trends are highly
variable.

O3 calibration

O3 calibrations were generated at the Qingpu site using data from the pre- and post-

calibration collocations. Orthogonal regression was run on the 1-hour averaged data

from the O3 reference analyzer and the monitors. Linear regression was also con-
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sidered but resulted in higher errors between the reference and calibrated monitor

values. Calibrations from pre- and post-calibration periods were not significantly

different for an individual monitor, so all data from the pre- and post- periods were

combined to generate a single calibration for each individual monitor. These cali-

brations were used over the full time period. Prior to the calibration against the

reference analyzer the manufacturer supplied calibration for each individual sensor

was applied. In some cases, monitors had only pre- or post-calibration data due to

measurement difficulties with the ozone sensors. The calibration slopes averaged 1.05

± 0.15 (mean ± sd) and intercepts averaged -26 ± 54 ppb. Low-cost monitors were

highly correlated with the reference analyzer (R2= 0.92 ± 0.05, minimum= 0.71).

O3 limit of detection

The standard deviation of the low concentration ozone data was used to calculate

a limit of detection. This method generated an LOD of 6 ppb. All hour-averaged

data below 6 ppb has been replaced with 2/3 of the LOD (4.5 ppb). The same

LOD was used for all monitors. In some cases, very negative data were recorded by

the monitors suggesting the O3 sensors had an error. Any data less than -100 was

excluded while the remainder was set to the LOD. Any O3 concentrations above 200

were also excluded since they appeared infrequently and appeared to be related to

sensor errors.

PM2.5 calibration

PM2.5 monitors were calibrated against the TEOM by fitting a linear regression to

the following equation [Zheng et al., 2018]:

Plantower

TEOM
= m ∗ RH2

1 −RH
+ b (4.2)
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The RH term ( RH2

1−RH
) has been shown to best represent the relationship between

optical and low RH mass measurements in previous publications since at higher hu-

midities (>80% RH), overestimates of PM2.5 increase nonlinearly [Zheng et al., 2018].

The RH was measured by the Sensirion RH sensor in each individual low-cost moni-

tor. This equation was fit for both the data during the pre-calibration period and the

post-calibration period. The calibrations for each monitor were significantly differ-

ent between monitors and during the two periods (average±sd mpre: 0.0082±0.015,

bpre: 1.54 ± 0.16; mpost 0.0043±0.0092, bpost:1.09±0.13). The average R2 were simi-

lar during the pre- and post-calibrations (pre: 0.72±0.15, post:0.68±0.15). The RH

coefficient (m) decreased by 48% on average while the other term (b) decreased by

29% on average. A calibration was developed that varied linearly from the time the

pre-calibration period ended until the time post-calibration occurred for all monitors.

Using these methods, a different calibration slope and intercept was applied for every

hour of data from every monitor.

This method of a calibration shifting over time was verified by comparing a col-

located monitor with filter measurements collected on the rooftop of the hospital.

There were 55 24-hour periods of matching filter and monitor data and the aver-

age concentration of the filters during this time was 52 ± 20 (sd) µg m−3. Using

a single RH calibration on the monitor data, based on the combined pre- and post-

data resulted in an R2 of 0.63 and an RMSE of 12.1 µg m−3. Using a linear, time-

varying calibration resulted in a higher R2 of 0.87 and a lower RMSE of 9.5 µg m−3.

Temperature corrections were also considered but were not significant after the RH

correction.

Analysis was also done to see if the change in slope was related to the length of

time the monitor was run or the total mass of PM detected by the sensor as this

may indicate that the change in calibration was due to a degradation of the sensor
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Table 4.1: Summary of 48-hour filter/monitor comparisons from both this
study and the associated pilot project in Beijing.

Study Shanghai Beijing
Location Out In Personal Out In Personal
Filtration status NA True Sham True Sham NA Both Both
Count (N) 70 41 41 36 34 12 6 7
Mean - monitor 54 10 32 26 37 48 19 43
Mean - filter 56 14 33 66 67 51 24 53
Range - monitor 23-107 0-28 11-80 6-64 16-74 6-87 0-49 26-53
Range - filter 31-105 1-34 16-66 3-166 11-127 25-82 6-50 31-78
Ratio
(monitor/filter) 0.97 0.65 0.96 0.65 0.61 0.87 0.53 0.84
RMSE 9 6 5 53 39 11 7 19
NRMSE 17% 48% 17% 116% 76% 23% 33% 40%
Slope 0.89 0.91 1.1 0.18 0.23 1.2 1.2 0.15
Intercept 4 -2 -4 13 21 -12 -9 34
R2 0.75 0.77 0.9 0.26 0.13 0.81 0.96 0.04

itself. Neither were significantly correlated to the change in slope, intercept, or R2.

This may suggest that the optical properties of the aerosol from February until April

are changing (i.e. size distribution, color, composition) or this may still be due to

decreased monitor sensitivity due to sensor components being coated in PM.

Indoor and outdoor PM2.5 filter comparison

To compare monitor measurements to filter measurements during the home sampling,

monitor measurements were averaged over the 48-hour period during which filter

sampling occurred. The results for collocated indoor, outdoor and personal exposure

measurements are shown in Figure 4.4 and Table 4.1.

Outdoor concentrations (N=70) from both the true and sham periods range from

31-105 µg m−3 as measured by the filters, and 23-107 µg m−3 as measured by the

monitors. These outdoor measurements are also well correlated (R2=0.75), with good

agreement (RMSE= 9.3, NRMSE= 17%).
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Figure 4.4: Comparison of filter-based and monitor PM2.5 mea-
surements

Indoor measurements (N=82) range from 1-66 µg m−3 as measured by the filters

and 0.1-80 µg m−3 as measured by the monitors and are highly correlated (R2=

0.91) with reasonable agreement (RMSE= 5.6 µg m−3, NRMSE= 25%). The average

ratio of monitor over filter is 0.96 during sham filtration and only 0.64 during true
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filtration. The average filter concentration during true filtration is only 14 µg m−3

and monitors may somewhat underestimate low PM2.5 concentrations as compared

to the filter based measurements. However, the RMSE is similar during true and

sham filtration (true = 6 µg m−3, sham= 5 µg m−3) and lower than the RMSE for

outdoor.

Personal exposure PM2.5 filter comparison

Although monitors and filters have good agreement during stationary monitoring,

this is not the case for personal exposure. The personal exposure measurements

(N=70) agree poorly, with filter measurements ranging from 3-167 µg m−3 and mon-

itor measurements ranging from 6-74 µg m−3. Ratios of the monitor average PM2.5

over the filter PM2.5 during true and sham filtration are 0.65 and 0.61 respectively.

Personal monitor data and filter data are poorly correlated (R2=0.16), with high

error between the measurements (RMSE=47 µg m−3, NRMSE= 96%). In addition,

the relationship between the monitors (x) and the filters (y) is significantly different

during true and sham filtration (true= y=x*0.18+13, sham= y=x*0.23+21), with

higher errors seen during true (RMSE=53 µg m−3, NRMSE=115%) than sham (39.3

µg m−3, 76%). These discrepancies in personal exposure monitoring highlight the

challenges of monitoring on a moving person.

Personal filter measurements are not significantly different during true and sham

filtration (average sham=67 µg m−3, true= 66 µg m−3) while the monitors show

significantly lower average concentrations during true filtration (true= 26 µg m−3,

sham= 37 µg m−3). It appears that the filter-based measurements may be measuring

additional particulate mass that is not impacted by the air purifier.

This discrepancy between filter-based and monitor-based measurements is similar

to unpublished results from our pilot project in Beijing [Zhan et al., 2018]. The
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study design was similar but in a smaller number of homes. Indoor and outdoor

filters agreed well with the monitor measurements (N= 18, R2=0.90, RMSE=9.9

µg m−3, NRMSE=25%) but personal exposure measurements (N=7) were poorly

correlated (R2=0.04) with larger differences (RMSE=19 µg m−3, NRMSE=48%).

Previous work has noted the presence of a personal cloud and that measurements

taken on a person are often at higher concentrations than those from stationary mon-

itoring locations in the same microenvironment [Licina et al., 2016]. This personal

cloud is often attributed to particles generated by clothing and other materials close

to the body. Previous work has shown that much of the mass associated with the

personal cloud is from particles larger than 2.5 µm [Licina et al., 2016]. During this

project, some personal filters came back visibly contaminated with fuzz from clothing.

The differences in personal exposure measurements may be attributed to the

difference in height of the two monitors and the location of the sampling inlets (PEM:

shoulder height, monitor: hip height (Figure 4.2)). The inlet of the PM sensor was

protected by the overhang of the monitoring enclosure making it less likely to sample

air very close to children’s clothing, however, the PEM was located much closer

to the children’s clothing. It is possible that the PEM gathered clothing debris

if children allowed the filter to suction against their clothing while adjusting the

personal sampling equipment or layers of clothing. With our current data we cannot

determine what fraction of the difference in mass between the filters and the monitors

is due to larger particles (>2.5 um) that have contaminated the filters versus what

fraction are additional particles <2.5 um that we are interested in measuring. These

discrepancies highlight some of the challenges of personal sampling, as there was

a strong relationship between the filter measurements and the monitor data from

indoor and outdoor sampling, indicating that the methods agree well for stationary

monitoring.

85



The Teflon filters were collected with PEMs that have an impactor ring to remove

particles larger than 2.5 um. An impactor ring is advantageous because it reduces the

sensitivity to small changes in flowrate, however, the impactor can result in particle

bounce possibly allowing larger particles to reach the filter that should have been

removed [Jantunen et al., 2002]. Sometimes grease is applied to the impaction ring

to reduce particle bounce but impaction rings on the PEMs were not greased during

this study as this practice can also easily lead to filter contamination. Particle bounce

off the impaction ring may have lead to some of the additional mass sampled by the

filters. This work highlights the need for future research to understand the best

methods for collecting personal exposure data.

4.3.2 Outdoor PM2.5 and O3 across the study area

PM2.5 and O3 correlation across the study area

Figure 4.5 shows correlations between simultaneous 1-hour outdoor measurements

across different homes. Homes were plotted at the neighborhood scale so a distance

of 0 indicates the homes were in the same neighborhood. This analysis is particularly

interesting because it can help to suggest how many outdoor monitoring locations

are required for future studies around Shanghai.

PM2.5 is highly correlated across study locations (Figure 4.5). Across homes,

PM2.5 concentrations have an average spearman correlation (r) of 0.92 ± 0.06 (stan-

dard deviation). There is a slight (but statistically significant) decrease in correlation

as you move away as shown by the linear regression between the correlation and the

distance between sites in kilometers (km) r=0.97-0.002*distance.

Ozone is less correlated across the study area than PM (Figure 4.5). The data has

an average spearman correlation of 0.80 ± 0.15. There is a slightly larger decrease
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Figure 4.5: Spearman correlation (r) between outdoor measurements and
distance between homes for both PM2.5 and ozone. Each point represents the
correlation of at least 168 hours of data collected at two homes simultaneously
over the course of the project.

in correlation at increased distance from a monitor r=0.92-0.004*distance.

The higher correlation of PM suggests it may be more driven by regional than

local sources. Ozone has more localized sinks of NO leading to more spatial variability
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in O3 concentrations. The high correlation of PM2.5 suggests that setting up a large

number of outdoor PM2.5 monitors may not have been required and this information

can be used for future studies to determine outdoor monitor placement.

Spatial comparison with Qingpu environmental monitoring station

The ratio of each outdoor site to the Qingpu base station has been plotted in Figure

4.6. Average PM ratios with the base station vary from 0.83 (at home 24) to 1.10 (at

home 15) with an average relationship of 0.98, suggesting that the Qingpu station

is a good estimate of the average outdoor concentrations of the population of this

study but that individual homes may have concentrations from 17% lower to 10%

higher. Average O3 ratios vary from 0.73 (at home 37) to 1.5 (at home 13) with an

average ratio of 0.98, again suggesting the the Qingpu site is a good estimate of the

average outdoor concentrations of the population monitored in this study but that

individual homes may experience concentrations roughly 50% higher. Although there

are significant individual differences across homes, Figure 4.6 does not highlight any

distinct clusters of homes with higher or lower concentrations of PM2.5 and O3. Again

the relative agreement of the PM2.5 monitors may suggest less outdoor monitors could

have been used to estimate the outdoor concentrations of our population. However,

the spatial distribution of O3 measurements appear more important.

Daily patterns of O3 and PM2.5

Figure 4.7 shows daily patterns of outdoor PM2.5 and O3. Outdoor ozone shows a

large concentration gradient over the course of the day, with similar concentrations

during the true and sham periods. An average minimum of ∼20 ppb at 7:00 is

followed by an average peak of 53 ppb at 14:00, with an average change of 33 ppb

over the course of the day. A similar diurnal pattern is observed at the Qingpu station
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Figure 4.6: Ratio of PM2.5 and O3 at each home compared to the reference
analyzer from the Qingpu base station during the same period of time. A
large range in ratios of O3 is seen but no distinguishable clusters of high or
low concentration. PM2.5 is more spatially uniform.

with a slightly larger change of 42 ppb from 22 ppb at 6:00 till 64 ppb at 14:00.

Outdoor PM concentrations are less variable over the course of the day than O3

measurements, with a change of roughly 9 µg m−3 from 59 µg m−3 at 8:00 up to 51

µg m−3 at 15:00. Like the high correlation of PM across homes, this low change over

the day may suggest that the PM is driven more by regional sources as opposed to

local daily emissions from transportation, cooking, or other sources that would have

stronger hourly signals. A similar diurnal pattern is observed for PM2.5 from the

Qingpu station, with a change of 12 µg m−3 from 63 µg m−3 at 8:00 to 51 µg m−3 at

14:00.

The larger change in outdoor ozone over the course of the day may suggest that,
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Figure 4.7: Daily patterns of PM2.5 and O3 indoors and outdoors are shown
over the duration of the project for all homes. Outdoor O3 is highly variable
over the day with little change in indoor O3 while greater changes are seen
in indoor PM2.5 over the course of the day than outdoor PM2.5.

when possible, families should plan their outside time for times of day when ozone

concentrations are lower (in the morning or evening). Outdoor PM is less variable

over the course of the day.

90



Table 4.2: Summary of the impacts of filtration on PM2.5;
where Fin is the effective infiltration factor, and s indicates
the effective indoor source

Sham True Reduction
Outdoor (µg m−3) 54 55
Indoor (µg m−3) 34 10 68%
I/O ratio 0.68 0.19 70%

Regression I/O Fin 0.47 0.16 66%
s (µg m−3) 8 2 75%
R2 0.41 0.14 66%
Personal PM2.5 40 26 27%
P/O ratio 0.77 0.55 24%

4.3.3 Indoor PM2.5 concentrations

Figure 4.8 shows indoor concentrations and the indoor to outdoor ratios during true

and sham filtration. All PM2.5 results are summarized in Table 4.2. Indoor PM2.5

concentrations are highly variable with average indoor concentrations ranging from

17 µg m−3 (home 36) to 112 µg m−3 (home 10) during sham filtration and from 1

µg m−3 (home 14 and 19) to 33 µg m−3 (home 33) during true filtration. The high

variability in concentrations highlights the need for many measurements to under-

stand individual exposure. Overall, filtration reduced the concentrations of PM2.5 in

bedrooms from an average of 34 µg m−3 during sham filtration to 10 µg m−3 during

true filtration. Forty of the 42 homes saw reductions in PM2.5.

Daily pattern of indoor PM2.5

Indoor concentrations of PM2.5 change more significantly over the course of the day

than outdoor PM2.5 concentrations suggesting that they are driven more by partic-

ipant behaviours than by outdoor PM alone (Figure 4.7). During sham filtration,

concentrations range from 24 µg m−3 at 5:00 to 41 µg m−3 at 9:00.
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Figure 4.8: Concentrations of PM2.5 indoors, indoor to outdoor ratios (I/O)
for each home, and the reduction in I/O from sham to true periods.

During true filtration concentrations were low over night and averaged 4 µg m−3

from midnight until 6:00. Average concentrations peaked at noon at 16 µg m−3. The

95% confidence intervals on the indoor true filtration PM2.5 concentrations are more

narrow than during sham filtration suggesting that filters are normalizing concentra-

tions across homes and across days leading to fewer disparities in indoor exposures
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across participants.

PM2.5 indoor to outdoor ratios

On average, outdoor PM2.5 concentrations were not significantly different during true

and sham filtration (true= 55 µg m−3, sham= 54 µg m−3). This is expected since we

set up roughly half of each group with true filtration during each filtration period.

However, many individual homes have significantly different outdoor concentration

during the two periods (N=25). The differences reflect the natural day-to-day vari-

ability in outdoor PM.

Indoor to outdoor ratios (I/O) can allow us to compare filtration device perfor-

mance even if outdoor concentrations are significantly different during the two peri-

ods. They also allow us to compare the performance of filtration devices in homes

that may be in more or less polluted parts of the city. During sham filtration, I/O

ratios averaged 0.68 while during true filtration the I/O was reduced to 0.19. Indoor

to outdoor ratios were reduced by 70% on average during true filtration. However,

the impact of filtration devices in individual homes is highly variable with reductions

from 31% in home 33 to 94% in home 40. The same two homes that experienced

increases in indoor PM during true as compared to sham filtration experienced in-

creases in I/O ratios. During sham filtration, four homes had I/O ratios greater than

1 while none had ratios above 1 during true filtration.

Contribution of indoor and outdoor sources to indoor PM2.5

The regression between indoor and outdoor PM was also explored to estimate the

contribution from indoor and outdoor sources. During sham filtration, the relation-

ship between 1-hour indoor and outdoor PM2.5 is significant in each home (p-value

<0.05 for the slope). Thirty homes have significant effective indoor sources during
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sham filtration (p-value <0.05) but only 21 do during true filtration. This suggests

that much of the indoor generated PM is being removed by the purifier. There are

two ways to calculate the average relationship between homes. The first is to esti-

mate the relationship for all homes and then average and the second is to calculate

the relationship for data from all homes. These two methods provide similar average

infiltration rate and indoor source contributions (sham average Fin= 0.47, s= 8.29).

However, the average R2 in each individual home is 0.41, while when using the data

across all homes the R2 is only 0.18. This suggests that many homes have moderate

to strong relationships between indoor and outdoor PM2.5 but that this relationship

is highly variable. During true filtration both the effective infiltration factor and

the effective indoor source are reduced (true average Fin= 0.16, s= 1.61) but the

relationship between indoor and outdoor PM2.5 is weak (R2= 0.14).

The average contribution of indoor and outdoor sources was calculated for each

home by multiplying the average outdoor concentration by Fin and dividing by the

sum of the effective indoor sources (s) and the outdoor concentration times multiplied

by the effective infiltration rate. On average the outdoor contributed 76% of indoor

PM2.5 during sham filtration and 81% during true filtration although the percentages

are not significantly different (Wilcoxin signed rank test paired by home).

4.3.4 Personal exposure to PM2.5

Figure 4.9 shows personal exposure to PM2.5, personal to outdoor ratios, and the

reduction in personal exposure to outdoor ratios. Overall, there is a significant reduc-

tion in personal exposure to PM2.5 during true filtration. Average personal exposure

is 40 µg m−3 during sham filtration (min-max=16-92 µg m−3) and 26 µg m−3 during

true filtration (min-max=6-65 µg m−3).
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Figure 4.9: Personal exposure concentrations of PM2.5, personal exposure
to outdoor ratios of PM2.5, and reductions in personal to outdoor ratios
during true filtration, by home. Significant reductions are shown in black.

Not all children experienced a reduction in personal exposure during true filtration

but many children have different time activity patterns during the two filtration

periods as indicated in their time activity logs. In this paper, we focus on averages

across all children. Future work will explore micro-environmental personal exposure

and the impacts of time-activity patterns in greater detail. This reduction in average
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personal exposure is an important finding because it shows that people can have a

significant impact on their own personal exposure. This is important because people

visit many environments they cannot control over the course of the day and ambient

pollution is in the hands of the larger society.

Relationship between personal and outdoor PM2.5

Ratios of personal exposure to outdoor concentrations are highly variable and range

from 0.31 in home 14 to 1.58 in home 28 during sham filtration (average= 0.77) and

0.11 in home 14 to 2.02 in home 10 during true filtration (average= 0.55). Home 10

also has very high indoor concentrations during this period.

Relationships between personal exposure and outdoor PM2.5 are highly variable,

with some children seeing high correlations with outdoor PM2.5 (R2 >0.6, Nsham=

8, Ntrue=6) and some seeing low correlations. None of the same children have high

correlations during the true and sham periods likely because their behavior patterns

are variable day to day. The average R2 is 0.42 during sham filtration and 0.30 during

true filtration, with an average slope of 0.58 during sham filtration and 0.31 during

true filtration with similar intercepts (sham=9 µg m−3, true =10 µg m−3). This

suggests a 30% reduction of the outdoor concentration to personal exposure during

true filtration. The low correlations highlight the importance of taking personal

exposure measurements since estimates based on outdoor measurements would have

large errors which could mask the impacts of health effects.

4.3.5 Indoor ozone

Figure 4.10 shows indoor concentrations of ozone, indoor to outdoor ratios, and

the percentage reduction with true filtration. Results are summarized in Table 4.3.
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Table 4.3: Summary of the impacts of filtration on O3;
where Fin is the effective infiltration factor, and s indicates
the effective indoor source. No average reductions (or in-
creases) are significant.

Sham True
Outdoor O3 (ppb) 37 34
Indoor O3 (ppb) 8 8
I/O ratio 0.31 0.38

Regression I/O Fin 0.06 0.06
s (ppb) 6 6
R2 0.17 0.19
Personal O3 (ppb) 11 10
P/O ratio 0.42 0.41

Ozone is often near the detection limit of 6 ppb indoors with an average indoor

concentration of 8 ppb. Average concentrations across homes are highly variable,

ranging from below the LOD in many homes to 30 ppb in home 33 during true

filtration. Overall, there was no significant difference in ozone indoors by filtration

status.

The daily pattern of ozone indoors is shown in Figure 4.7. The patterns are

not significantly different during true and sham filtration, with a minimum ozone

concentration of 6.3 ppb seen during 4:00 and 5:00 and a max of 9.6 ppb during

12:00 and 13:00. Concentrations are low over the course of the day even though

outdoor concentrations are highly variable.

Outdoor concentrations were not significantly different on average during the true

and sham filtration periods (sham= 37 ppb sham, true= 34 ppb). Two week averages

in outdoor ozone concentrations range from 22 ppb (home 38, true) to 61 ppb (home

34, true).

There is little relationship between the 1-hour ozone indoor and outdoors (average
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Figure 4.10: Concentrations of O3 indoors, indoor to outdoor ratios of
O3, and indoor to outdoor ratio reductions during true filtration, by home.
Significant changes are shown in black. Zero values indicate missing data
due to monitor or O3 sensor malfunction.

R2=0.18, average slope=0.06). This is likely because O3 is removed by surfaces

quickly in the indoor environment [Weschler, 2000].
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Personal exposure to O3

Figure 4.11 shows personal exposure to O3, personal to outdoor ratios, and the per-

sonal to outdoor reduction with true filtration. Since there is no significant change

in ozone indoors, we would not expect a significant change in personal exposure by

filtration and do not see one, on average. Personal exposure to ozone ranges from

below the LOD for a number of participants to 20 ppb in home 26 and personal

to outdoor ratios ranges from 0.16 in home 6 to 1.30 in home 38. There is a lim-

ited relationship between 1-hour outdoor ozone and personal exposure, on average

(r=0.43). This highlights the importance of personal exposure measurements since

ambient ozone is not a good proxy for personal exposure.

4.4 Conclusions

This work provides valuable insights into the use of low-cost monitors for future

health studies. These monitors have the potential to provide additional information

about the spatial and temporal variability of pollutants when exploring the exposure

of a population. This work demonstrates the need to check optically-based monitor

performance against a reference periodically (every 2-3 months) to determine if sig-

nificant changes in calibrations have occurred. Significantly different concentrations

of PM measured by filters and monitors demonstrate the challenges of personal expo-

sure monitoring and the need for more work to explore accurately measuring PM2.5

exposure.

This paper demonstrates the potential benefits of high quality air purifiers in a

real-world setting. The purifiers in this project significantly reduced both indoor and

personal exposure to PM2.5. There was no measurable impact of purifiers on indoor

O3 or personal exposure to O3 but this may be due to the limit of detection of our
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Figure 4.11: Personal exposure concentrations of O3 , ratios of personal
exposure to outdoor O3, and reductions in the ratio of personal to outdoor
concentrations during true filtration, by home. Significant changes are shown
in black. Zero values indicate missing data due to O3 sensor malfunction or
the monitor not being worn by this participant.

monitors and the low concentrations of O3 indoors. Results suggest that most indoor

PM2.5 is from outdoor sources, highlighting the importance of reducing outdoor air

pollution to reduce personal exposure. However, the reduction in personal exposure to

PM2.5 experienced during true filtration is especially important as it demonstrates one
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personal action that can be taken to improve an individuals’ exposure. In countries

where ambient air quality continues to be quite poor, these types of actions empower

individuals to improve their own health.

Indoor PM2.5 and O3 concentrations and personal exposure to PM2.5 and O3

were highly variable with large differences in the ratios of indoor to outdoor PM2.5

and personal exposure to outdoor PM2.5. The differences in exposure across this

relatively uniform population demonstrates the need for dense monitor networks,

and the importance of personal exposure measurements to capture the variability of

personal exposures in a population.
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Chapter 5

Childrens personal exposure to PM2.5 and
Ozone by Micro-environment in Shanghai,
China

5.0.1 Co-author contribution

Karoline Johnson: Conception and design of the work, data collection, data analysis

and interpretation, drafting the article

Michael Bergin: Data interpretation, critical revision of the article

Christina Norris: Data collection, critical revision of the article

5.1 Introduction

Exposure to air pollution including fine particulate matter (PM2.5) and ozone (O3)

over both the short- and long-term is associated with a number of negative health im-

pacts [Landrigan et al., 2018, Nuvolone et al., 2018, Hammond et al., 2014, de Nazelle

et al., 2013]. Some populations are particularly sensitive to air pollution. It is even

more important to understand the exposure patterns of these populations as the

short-term and long-term consequences of exposure to air pollution may be higher

for these groups than in the general population. These sensitive populations include

asthmatics [Orellano et al., 2017, Robichaud et al., 2016], children [Shannon et al.,

2004, Chen et al., 2018b], and those who are active outdoors [Li et al., 2015]. Children

are especially susceptible since their lungs are still developing and these exposures

could lead to lifetime consequences [Shannon et al., 2004, Tsui et al., 2018]. Asth-
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matic children are additionally impacted since air pollution may exacerbate their

asthma symptoms [Gent et al., 2003, Samoli et al., 2011, O’Connor et al., 2008].

Reducing exposure to air pollution has the potential to significantly improve health

[Morishita et al., 2015].

Personal exposure is the sum of the exposures experienced in all environments a

person visits over the course of a day. Personal exposure is often poorly correlated

with ambient air pollution measurements [Niu et al., 2018, Oglesby et al., 2000]

and is highly dependent on activity patterns [Lim et al., 2012, de Nazelle et al.,

2013]. Understanding the time-weighted exposure contribution of different micro-

environments could allow individuals to make better decisions on how to limit their

personal exposure in the most efficient way.

Each of the micro-environmental exposures a child experiences over the course of

the day could be reduced using different methods. The air pollutant levels in some

indoor locations can be improved by adding air filtration or optimizing ventilation

to reduce indoor air pollution [Martins and da Graca, 2018, Cui et al., 2018, Cui,

2018]. The exposure in transportation environments can be reduced by traveling on

a less polluted route or by using a mode of transportation that leads to less exposure

[Li et al., 2015, Yu et al., 2012]. The exposure that occurs in outdoor environments

could be reduced by limiting time outdoors during the most polluted times of the

day or on days when pollution is particularly bad, and in addition, outdoor activities

could be moved to a location where air quality is better (i.e. not near major roads

or other pollutant sources) [Laumbach et al., 2015].

There are a number of common methods to explore micro-environmental expo-

sures. To determine the location of study subjects, time-activity surveys are often

collected [Silvers et al., 1994, Zhang et al., 2018a] or GPS tracking is used in con-

junction with algorithms to determine location categories [Adams et al., 2009, Rabi-
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novitch et al., 2016]. GPS may be more accurate and can provide data at a higher

resolution than survey data, however, GPS location tracking of children also intro-

duces additional potential privacy risks for children and their families [Nebeker et al.,

2015]. This additional risk may dissuade potential study subjects from enrolling in

the study. Time-activity data from GPS or survey methods are paired with air

quality measurements to determine micro-environmental exposures. These measure-

ments can be obtained from stationary monitors in each location, from concentrations

modeled for each environment, from time-integrated exposure data collected using a

passive or active sampler carried by the study subject, or from real-time data from a

monitor carried by the study subject [Niu et al., 2018, Wilson et al., 2000]. Low-cost

air quality monitors are being used with increasing frequency to quantify personal

exposure in research studies.

A number of previous studies have characterized the micro-environmental expo-

sure of people in China and of asthmatic children and youth world-wide [Niu et al.,

2018, Quinn et al., 2018, Du et al., 2010, Zuo et al., 2018, Tang et al., 2018, Lei et al.,

2016, Chen et al., 2018a]. Time-weighted exposure to O3 has seldom been studied

previously, as typical measurement methods include passive diffusion samplers which

are time-integrated for the full exposure and often need an extended sampling time

[Karakatsani et al., 2017, Kerckhoffs et al., 2015]. No previous studies have explored

the micro-environmental exposure of children to PM2.5 and O3 in Shanghai.

In this paper we explore the micro-environmental exposure of 39 asthmatic chil-

dren in suburban Shanghai. Data were collected using time-activity surveys and

real-time low-cost air monitors carried by participants. Micro-environments have

been prioritized for exposure reductions based on the time-weighted exposure.
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5.2 Materials and Methods

5.2.1 Study design

Thirty-nine asthmatic children were recruited for this study by a clinician at First

People’s Hospital in Songjiang. Subjects lived in or near Songjiang, a suburb of

Shanghai, China. The study design has been described in detail in the previous

chapter but, briefly, air purifiers were set up in the children’s bedrooms and children

received 2-weeks each of true and sham filtration (the latter with HEPA and acti-

vated carbon filters removed). Families were instructed to keep doors and windows

to the bedroom closed. During each filtration period, 48-hours of personal expo-

sure monitoring occurred during which children carried a real-time PM2.5 and O3

monitor. Personal exposure measurements were staggered from February 14th until

April 22nd 2018. Typically, personal exposure measurements for 2-3 children occurred

simultaneously.

5.2.2 Air monitors

Personal exposure monitors collected 1-minute averaged PM2.5 and O3 data. These

monitors were designed at Duke University and contained Plantower PMS3003 PM

sensors, and Alphasense OX-A4 O3 sensors. The comparisons between personal expo-

sure and indoor and outdoor PM2.5 and O3 levels have been discussed in the previous

chapter. The calibration and evaluation of these monitors for this project was dis-

cussed in the previous chapter.
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5.2.3 Micro-environmental location data

During the two, 48-hour exposure monitoring periods, participants or their guardians

filled out a time-activity survey detailing their location and activity during every hour.

The survey was in Mandarin. Participants selected from 4 locations 1) outdoor,

2) bedroom with air purifier, 3) other rooms in the house, 4) and classroom and

6 activities 1) sleeping, 2) light physical activity, 3) sports, 4) walking/biking, 5)

bus/private car/taxi, 6) subway, each hour. They could also select from 3 additional

boxes including: 1)window open in the room, 2) someone smoking in the house, 3)

someone at home is cooking, and a blank box for noting other cases.

For the analysis in this paper the time-activity data was initially separated into

the seven most distinct microenvironments: 1) outdoor (non-transportation), 2)

bedroom (with purifier), 3) other rooms at home, 4) classroom, 5) transportation

(bus/car/taxi), 6) subway, and 7) walk/bicycle. These micro-environments have

been selected since different interventions or behaviour changes would be required

to reduce exposure in each of these locations. The exposure contribution will also

be compared for total indoor environments (e.g. bedroom, other rooms at home,

classroom) and total outdoor environments (e.g. bus/car/taxi, railway, walk/bicycle,

and outdoors). In cases where two or more micro-environments were selected on the

time-activity guide, a partial hour of each micro-environment has been assumed (i.e.

1/2, 1/3).

5.2.4 Merging data sets

The personal exposure data were hour-averaged to match the time-activity data

and the two data sets were subsequently merged. In cases where multiple micro-

environments were selected on the time-activity guide, the same concentration was
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used for all periods. This merged data set was used to compare concentrations in

each micro-environment a child visits and to explore time-weighted exposure. Time-

weighted exposure is calculated by summing all hours of data in a particular micro-

environment and dividing by the total number of hours of personal exposure data.

In most cases roughly 47 hours of personal exposure data are available. Hours were

excluded if less than 45 minutes of air quality data was available. Analysis was done

in R using the stats package [R Core Team, 2015].

5.3 Results and Discussion

5.3.1 PM2.5 personal exposure results

In total, 3084 hours (129 days) of personal PM exposure data were collected (Table

5.1). Personal exposure data was collected from 39 children, with 29 children having

having at least 1.5 days of monitoring during both true and sham filtration. Incom-

plete personal data sets from an additional five sampling periods are included where

samplers ran for only 1-22 hours.

107



Table 5.1: Hours of PM2.5 data in each micro-environment during true and sham filtration for each child.
Only children with at least 1.5 days (37 hours) of PM2.5 data have been included in this table. NA indicates
there was no time-activity log for this hour.

Filtration
status

sham true total

Home out bed other class
tran-
sport

walk
bike

NA out bed other class
tran-
sport

walk
bike

NA sham true

Sum (Hr) 87 650 324 320 39 25 100 66 703 313 337 29 23 72 1544 1542
Percent 6% 42% 21% 21% 3% 2% 6% 4% 46% 20% 22% 2% 1% 5%
Avg 3 20 10 10 1 1 3 2 21 9 10 1 1 2 47 47
Med 1 22 7.5 9 0.5 0 0 1.5 22 7 9 0 0 0 47 47
Stdev 3 8 9 6 2 1 7 3 6 8 7 1 1 5 2 2
Min 0 0 0 0 0 0 0 0 0 0 0 0 0 0 40 37
Max 12 30 41 19 7 3 24 13 30 41 20 4 4 19 48 48108



Average personal exposure to PM2.5 ranged from 19 to 92 µg m−3 during sham

filtration (average = 40 µg m−3) and 6 to 65 µg m−3 during true filtration (average

= 26 µg m−3). The average outdoor concentration collected at monitors outside

participants homes during personal exposure monitoring was 54 µg m−3.

Previous work has explored the exposure of children (ages 8-12) to PM2.5 in

Shanghai during the winter time [Zhang et al., 2018a]. Exposures in this past study

[Zhang et al., 2018a] were much higher average 136 µg m−3, however, the outdoor

concentrations were more than twice as high as our study on average (i.e., 138 ± 86

µg m−3 and 98 ± 41 µg m−3 as measured at the two schools) which may account

for some of the higher exposures. Even during sham filtration, the average ratio of

personal to outdoor PM2.5 is lower in our study (0.77) than in the Zhang study (∼

>1). The difference in personal exposure and personal to outdoor ratio may be due to

seasonal variability that result in higher exposures for children due to larger localized

sources of pollution, possibly from heating.

Time spent by micro-environment

The number of hours of PM data recorded in each micro-environment is summarized

in Table 5.1 and is highly variable between participants (Figure 5.1). There were only

6.5 hours of subway data recorded in total (0.2% of the total hours recorded) so this

activity was grouped with the transportation (bus/car/taxi) data. Since this work

occurred in Songjiang, a suburb of Shanghai, there were a few subway stops in the city

but primarily the subway would be useful to ride into downtown Shanghai or other

towns on the way towards Shanghai and was not convenient for transportation around

the city. During this project children spent, on average, 32 minutes a day commuting

by bus, car or taxi and 22 minutes per day walking or biking. Previous work exploring

the exposure of children in Beijing found twice as much time spent commuting by
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bus and car (93 minutes) as compared to walking and biking (42 minutes) [Du et al.,

2010]. These differences in commute patterns and the lack of subway data highlight

the differences in exposure that would be expected in children in different cities and

highlights the need for localized information for informed decision making.
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Figure 5.1: Hours of PM2.5 personal exposure data for each child in each micro-
environment during each monitoring period (most periods ∼ 48 hours total).

There was no significant difference in the average number of hours recorded in
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each micro-environment during true and sham filtration. This was compared by

running a Wilcoxin rank sum test by pairing the hours in each home during the true

and sham periods. As shown in Figure 5.1 most time was spent in the bedroom

(43.8%) followed by the classroom (21.3%), other rooms (20.6%), outdoors (4.9%),

transportation (2.2%), and walk/bike (1.5%). Additionally, 5.6% of the recorded PM

personal exposure data did not have matching time-activity information (NA). If

the outdoor, transportation, and walk/bike are combined into a single total outdoor

category the children still spend less time in all outdoor environments (8.7%) than

they do in other rooms at their home. Overall, when excluding time when no location

was marked, children appear to spend 90% of time in indoor microenvironments and

10% of time in outdoor microenvironments.

Previous work on 8-12 year old children in Shanghai found that children spend

49% of their time in the bedroom on school days (similar to this study’s 43.8%). 34%

of time was spent at school this is higher than our 21.3% but our data also contains

weekend data and their time-activity did not account for different locations during the

school day. 10% of their time was spent in other rooms at home much lower than our

20% and 3% of their time was spent on the road which is similar to our transportation

and walk/bike environments (3.7%). Other locations accounted for the remaining 4%

of their time [Zhang et al., 2018a]. Children at separate schools spent significantly

different amounts of time outdoors while at school [Zhang et al., 2018a]. Overall,

time-activity is similar between the two studies with more time spent in other rooms

in the home during our study and less time spent in the class room as compared to

Zhang et al. likley due to the inclusion of weekend days. Many previous studies of

time-weighted activity focus only on the time children are in school, versus the time

children are not in school possibly with a buffer in between but they do not consider

other micro-environments children experience while at school (e.g. outdoors) and
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during the time at home [Rabinovitch et al., 2016, Niu et al., 2018]. This makes it

harder to prioritize actions to limit exposure since there are multiple reasons exposure

during school and outside of school could be high. During the time away from school

exposures could be high due to the air quality in their home or because they are

spending large amounts of time outdoors or because they are traveling to different

micro-environments by means that lead to high exposure.

PM2.5 concentration by micro-environment

Hourly PM2.5 concentrations in these 6 micro-environments were highly variable dur-

ing both the true and sham filtration periods (Table 5.2) with some hour averages

recorded above 200 µg m−3. The average concentration in every micro-environment

is significantly lower during true filtration than sham filtration as shown in Table 5.2

(Wilcoxin Rank sum, paired). The bedroom environment has the largest reduction

in PM2.5 (55%) with an average concentration of 31 µg m−3 during true filtration and

14 µg m−3 during sham filtration. The stationary monitors in the bedroom reported

a similar average reduction of 68% from 34 µg m−3 during sham filtration to 10 µg

m−3 during true filtration. Other rooms at home saw a 31% reduction. The reduction

in other rooms at home may be a true benefit of filtration if the bedroom door is

not closed at all times allowing the purifier to partially clean air from other parts of

the house. In addition, in 9% of the hours where the “other rooms at home” was

selected, the bedroom environment was also selected so that for some of this time

classified as “other indoor”, the monitor and child may have been in the bedroom.
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Table 5.2: Average PM2.5 concentrations in each micro-environment with similar averages generated across
homes or across hours except in the walk/bike environment.

sham
(µg m−3)

true
(µg m−3)

Home out bed other class
tran-
sport

walk
bike

NA out bed other class
tran-
sport

walk
bike

NA

across
all
homes

Avg 46 31 46 45 37 57 37 33 14 32 39 32 52 28
Med 45 29 42 44 39 61 44 31 9 28 34 30 41 30
Stdev 19 17 22 23 14 31 20 22 13 20 19 24 34 22
Min 23 9 17 4 8 7 12 1 2 4 4 3 8 2
Max 89 67 96 103 62 122 64 88 52 95 78 92 124 80

across
all
hours

Avg 47 30 48 46 36 41 58 36 15 35 36 31 58 27
Med 44 24 40 40 33 41 54 31 6 28 30 27 43 22
Stdev 26 23 36 28 27 20 37 31 21 30 26 26 42 27
Min 6 0 1 0 0 8 7 1 0 0 2 0 0 0
Max 128 135 223 240 169 97 159 142 143 202 118 98 143 134
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Average PM2.5 outdoors is 27% lower during true filtration based on the personal

exposure measurements with an average concentration of 46 µg m−3 during sham

filtration and 33 µg m−3 during true filtration. However, if we compare the outdoor

averages during this period from stationary monitors located at the homes, the av-

erage outdoor concentration is only 5% (3 µg m−3) lower during true filtration than

sham filtration (true= 55 µg m−3, sham= 52 µg m−3). Only 3 hours of outdoor

data also had the bedroom marked as a location during that hour. A bedroom air

purifier should not decrease outdoor concentrations so this rather large decrease in

outdoor concentration as measured by the personal exposure monitor may suggest

that kids were often spending some of the hour that they have marked as outdoor

in the bedroom or in some cases leaving the monitor indoors while they were out-

doors. The average concentration in all the other micro-environments are also lower

with the classroom concentrations 15% lower on average, the transportation con-

centration 13% lower, and the walk/bike concentration 10% lower. In addition, the

NA category is 25% lower. Pairing by home the reduction is only significantly dif-

ferent in the classroom, other rooms at home and bedroom environments. These

differences may result from misclassification of the exposure data due to some hours

spent in both micro-environments or subject non-compliance in the form of either

misreporting their location or leaving the monitor in the bedroom. Previous work

has shown inaccuracies in participant recorded time-activity logs [Hazlehurst et al.,

2017]. These results highlight some of the challenges of accurately measuring and

attributing personal exposure.

The ranking of the environments by concentrations is slightly different during

true and sham filtration. During sham filtration the bedroom environment has a

significantly lower concentration than all other micro-environments (31 µg m−3).

Transportation has an average concentration of 37 and PM2.5 concentrations in the
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outdoor, other room, classroom were similar (45-46 µg m−3), transportation, and

walk/bike environments are not significantly different. Walk/bike has the highest

average concentration.

During true filtration, the walk and bike micro-environment has significantly

higher concentrations than all other micro-environments and the bedroom is again

significantly lower than the other micro-environments. The classroom has a higher

average concentration than the outdoor and other rooms at home environments.

The higher concentration in the walking and biking environment suggests that

either the children are walking or biking nearer to localized sources, such as traffic,

or that they are walking or biking at times of the day where PM2.5 concentrations

are higher. Previous work in Beijing has found bus and car commuting to have

higher concentrations than walking and biking [Du et al., 2010]. These differences

may be due to differences in city planning in the two cities or due to upgrades in

transportation infrastructure.

The World Health Organization’s 24-hour standard for ambient PM2.5 is 25 µg

m−3 [World Health Organization, 2016]. In this study, the average concentrations

exceed this standard in all micro-environments except the bedroom during true fil-

tration. This highlights the need to take actions to reduce average concentrations

and exposures in every micro-environment since they all are above healthy levels. In

addition, previous work has shown that most indoor PM2.5 in china in cities with-

out biomass cooking is from outdoor sources [Zuo et al., 2018, Ji and Zhao, 2015]

reiterating the importance of large-scale actions to reduce ambient air pollutant con-

centrations to reduce overall exposure.
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PM2.5 exposure contribution by micro-environment

We can sum the exposure of a child for all hours they have spent in a micro-

environment and find their time-weighted exposure. Figure 5.2 shows the percent

contributions of each microenvironment during both true and sham filtration. Expo-

sure is dominated by the indoor environments (in reds).

On average, across all children there was a significant reduction in the contri-

bution of the bedroom to PM2.5 personal exposure from 13 ± 9 µg m−3 (mean ±

standard deviation) during sham filtration to 6 ± 6 µg m−3 during true filtration

(Table 5.3, Figure 5.3). During sham filtration, the largest contributors to personal

exposure were the bedroom (13 ± 9 µg m−3) and classroom environments (9 ± 7 µg

m−3) followed closely by other indoor micro-environments ( 10 ± 14 µg m−3). The

contributions of the bedroom and classroom environments were comparable to each

other during sham filtration. During true filtration, the bedroom environment (6 ± 6

µg m−3) contributed significantly less than the classroom (8 ± 6 µg m−3) and other

room (7 ± 9 µg m−3). There is no significant difference in the classroom and other

room concentrations during true filtration. The outdoor environments contributed

significantly less than all three of these individual indoor environments on average.

Similar results are seen when comparing the percent contributions from each

micro-environment (Table 5.3). With the average contribution from the bedroom

decreasing from 33% to 23% on average and a similar ranking of environments by

average percent contribution and average absolute contribution other than the NA

micro-environment where no location was recorded by the child or their caregivers.
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Figure 5.2: Average PM2.5 exposure for each child during sham (S) and true (T) (roughly 48-hours averaged during each
period). Indoor exposure contribution dominates (reds) over outdoor exposure (blues).
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Figure 5.3: PM2.5 exposure contribution for each child over the 48-hour periods.
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Table 5.3: Exposure contribution to PM2.5 by micro-environment for each child during sham and true
filtration. The bedroom shows the highest contribution during sham filtration.

sham true
total
avg

exposure

units home out bed other class
tran-
sport

walk
bike

NA out bed other class
tran-
sport

walk
bike

NA sham true

Avg 3 13 10 9 1 1 2 2 6 7 8 1 1 2 39 25
Med 1 12 6 9 0 0 0 0 4 4 7 0 0 0 37 23

µg m−3 Sd 4 9 14 7 1 2 6 3 6 9 6 1 1 4 17 13
Min 0 0 0 0 0 0 0 0 0 0 0 0 0 0 16 6
Max 15 35 82 24 6 7 22 15 22 45 23 4 6 18 93 64
Avg 6 33 25 25 3 2 6 9 23 24 32 3 2 8
Med 2 36 17 26 1 0 0 3 18 19 30 0 0 0

% Sd 7 17 23 18 4 3 14 15 17 21 25 5 3 21%
Min 0 0 0 0 0 0 0 0 0 0 0 0 0 0
Max 24 70 88 58 17 14 56 66 68 82 84 21 13 100
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The contribution from the bedroom environment was reduced by 7 µg m−3 on

average during true filtration. This is a reduction of 18% of the total PM2.5 exposure.

It is unclear if the full personal exposure reduction of 14 µg m−3 (36%) from true

to sham filtration should be attributed to installing a purifier in the bedroom since

it could also indicate that the children were leaving the exposure monitor in the

bedroom more often when they were not there. On average, personal exposure during

true filtration was 25 µg m−3 which is the World Health Organization 24-hour PM2.5

standard. However many individual exposures were above this level stressing the

need to implement multiple interventions to reduce children’s exposure to safe levels.

Since roughly twice as many hours were spent in the bedroom than in the classroom,

PM2.5 interventions in the classroom would have to drop concentrations by two times

as much as bedroom concentrations were reduced to see similar impacts on overall

exposures. Previous work using different methods to divide the personal exposure

data of American high school students into various micro-environments has also found

the home environment to be the largest contributor to personal exposure to PM2.5

since participants spend the most time there [Quinn et al., 2018].

5.3.2 O3 personal exposure results

Although all personal exposure monitors contained both PM2.5 and O3 sensors, the

O3 sensors were much more likely to encounter technical problems (e.g. detaching

from the other components of the monitoring package if handled roughly) . As a

result, less usable O3 personal exposure data was collected during this project. O3

personal exposure real-time data was collected for 2325 hours (97 days) (Table 5.4);

this is 75% of the PM2.5 data collected. Usable O3 data was collected for 17 children

during both true and sham filtration while an additional nineteen children had a

single successful period of monitoring. The previous chapter has shown that the
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filtration intervention had no significant impact on the bedroom O3 concentrations

and personal exposure concentrations so the O3 data has been primarily analyzed

without splitting into the true and sham periods.

Average personal exposures to O3 ranged from below the limit of detection (6

ppb) to 22 ppb with an average exposure of 11 ppb. The average outdoor O3 during

this period was 37 ppb. Previous work in Shanghai found the personal exposure of

adults for O3 to be 2 to 3 times lower than ambient concentrations [Niu et al., 2018].

In this previous study, average personal exposure was 43 µg m−3 (22 ppb) with the

outdoor average at the nearest monitoring site of 93 µg m−3 (47 ppb). This study

took place from May-Oct of 2016 so they likely captured more of the peak O3 season

than our study did as our study took place Feb-Apr. Our results are somewhat lower,

with personal exposures averaging about 3 times lower than ambient concentrations

and individual P/O averages below 3 times lower. This lower personal to outdoor

ratio may be due in part to researchers requesting windows to remain closed over

the duration of the project leading to lower bedroom O3 concentrations, and also

possibly due to seasonal differences leading to differences in activity and exposure

during the two studies.

Time spent in each micro-environment

The time spent in each micro-environment for the O3 data is similar to that of the

PM data with 44% of data recorded in the bedroom (42% PM), 21% in the classroom

(21% PM), 21% in other rooms (21% PM) and a smaller percentage in each outdoor

environment (outdoor: O3= 9% total, PM2.5= 9% total). This result is important

because it suggests that the results are not being biased by O3 sensors failing more

often in certain environments than others.

A significantly larger number of hours of outdoor O3 data was recorded on average
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during the sham filtration period (sham = 1.3 hours, true = 0.3 hours). The number

of hours of outdoor PM2.5 data was not significantly different during sham and true

filtration (sham = 1.5 hours, true= 1 hours) (Mann-Whitney test), so the difference

in the number of hours of O3 data is likely due to the smaller sample of O3 data due

to instrument error.

The filtration intervention during this project was found to have significant pos-

itive health outcomes [Cui, 2018]. If the health of participants is improved during

true filtration they may spend more time in class, outdoors and in other environments

than their bedroom. Alternatively, they may spend more time in their bedroom if

they feel it is easier to breath there than in other environments. However, we do not

have a large enough sample size to conclude whether there are any true changes in

participant behaviour during this study. A larger study in the future could address

this question.

Table 5.4: Hours of O3 data in each micro-environment.

Home out bed other class
tran-
sport

walk
bike

NA total

total (hours) 1031 485.5 481 105.5 51 43 128 2325
(%) 44% 21% 21% 5% 2% 2% 6% 100%

Based on
%
for each
participant

Avg 46% 19% 21% 5% 2% 2% 5%
Med 49% 17% 22% 4% 1% 1% 0%
Stdev 14% 16% 12% 5% 3% 2% 10%
Min 1% 0% 0% 0% 0% 0% 0%
Max 85% 74% 40% 18% 12% 8% 44%

O3 concentration by micro-environment

Although the average O3 concentrations in the 6 micro-environments only varied from

18 to 9 ppb, the 1-hour concentrations were much more variable ranging from the

limit of detection (<6 ppb) to 69 ppb (Figure 5.4). Average 1-hour O3 concentrations
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were highest in the three outdoor environments with walk/bike averaging 18 ± 8 ppb,

outdoor averaging 17 ± 9 ppb, and transportation averaging 13 ± 6 ppb. This was

followed by classroom, at 14 ± 5 ppb. Other rooms at home had the second lowest

concentration at 12 ± 5 ppb and the lowest concentrations on average were in the

bedroom at 9 ± 3 ppb. O3 has a strong diurnal pattern with high concentrations

during the day and low concentrations overnight so environments children visit during

the day are likely to have higher concentrations while environments they spend time

in overnight will likely be lower. Bedroom O3 concentrations are likely low because

children spend many overnight hours there where the ambient concentrations are low

so that even if the room is not well sealed the bedroom O3 concentration will be low.

During the day, children spend more hours in the classroom and this is also when

outdoor O3 concentrations are higher driving higher indoor concentrations.

Table 5.5: Average O3 concentration (ppb) in each micro-environment.

Home out bed other class
tran-
sport

walk
bike

NA

Across
all
homes

Avg 17 9 12 14 13 18 12
Med 19 9 12 14 13 17 9
Stdev 9 3 5 5 6 8 7
Min 5 5 5 5 5 5 5
Max 47 15 23 22 23 35 24

Across
all
hours

Avg 18 9 11 14 14 18 11
Med 16 8 12 13 13 16 8
Stdev 12 5 6 8 8 12 7
Min 5 5 5 5 5 5 5
Max 69 50 42 56 55 53 40

O3 exposure contribution by micro-environment

Figure 5.5 shows the percent contributions of each micro-environment to the total

exposure to O3 with the largest contributions from indoor environments (reds). The

largest contribution to O3 exposure came from the bedroom environment with an
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Figure 5.4: One-hour O3 concentrations by micro-environment.

average of 4.2 ± 2.3 ppb. This was followed by other rooms, with an average of

2.2 ± 2.3 ppb and the classroom environment, with an average of 2.9 ± 2.0 ppb.

These contributions were not significantly different from each other and were the

second and third largest contributors (Figure 5.6, Table 5.6). There were lower

contributions from the outdoor and walk/bike environments at 0.9 ± 1.2 ppb and

0.4 ± 0.5 ppb. These contributions were not significantly different from each other.
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The smallest contribution comes from the transport environment at 0.3 ± 0.5 ppb.

Differences between micro-environments were assessed using a Mann-Whitney test.

When comparing the percent contributions (Table 5.6) the bedroom contribution is

37% on average and up to 81% (maximum). The same ranking of environments is

seen when comparing average percentages and average absolute contributions.

The exposure to O3 from each micro-environment was compared during true and

sham filtration and only the outdoor environment had significantly different exposure

contributions (Mann-Whitney test). This was due to the significantly larger number

of hours of outdoor data collected during sham filtration.
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Figure 5.5: Average O3 exposure for each child with color coded micro-environmental contributions. Indoor
exposure contribution dominates (reds) over outdoor exposure (blues). NA indicates O3 data without matching
time-activity data.
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Table 5.6: Summary of Micro-environmental contribution to exposure to O3 for
each child. The sum of all hourly concentrations in each microenvironment has been
divided by the total number of hours of successful PM personal exposure monitoring
for that child.

out bed other class
tran-
sport

walk
bike

NA total
total
in

total
out

Avg 0.9 4.2 2.2 2.9 0.3 0.4 0.5 11.4 9.3 1.6
Med 0.4 3.6 1.7 2.5 0.1 0.1 0.0 11.9 9.6 1.1

ppb Sd 1.2 2.3 2.3 2.0 0.5 0.5 1.1 4.0 3.4 1.5
Min 0.0 0.2 0.0 0.0 0.0 0.0 0.0 5.2 2.9 0.0
Max 6.0 10.6 11.1 7.2 2.1 1.7 3.9 22.1 16.9 7.5
Avg 7 37 19 26 3 3 5 100 82 13
Med 4 38 14 28 1 1 0 100 86 10

% Sd 7 14 15 16 4 4 11 100 13 9
Min 0 1 0 0 0 0 0 100 39 0
Max 27 81 67 60 13 13 48 100 99 34

5.4 Conclusions

Children studied during this project spent, on average, 90% of their time indoors.

This resulted in the largest contributions to personal exposure coming from indoor

environments. Bedrooms contributed the most to PM2.5 personal exposure during

sham filtration and to O3 during both periods, suggesting that the bedroom should

be the first micro-environment to be tackled to reduce personal exposure to PM2.5

and O3. Both O3 and PM2.5 have negative health impacts, especially for asthmatic

children, and this work stresses the need to mitigate exposures to air pollutants in

indoor environments. Unsafe levels of pollutants in all environments during sham

filtration highlight the need to reduce exposure in all micro-environments through

reduction of outdoor ambient pollutant levels or other means. Although outdoor air

pollution is largely out of the control of individual citizens, indoor air quality is more

easily modified by individuals or, in the case of schools, by communities. This can
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empower individuals to make positive changes in their own lives.
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Chapter 6

Conclusions

This work has 3 key findings. Firstly, this work highlights the need for low-cost

monitors to be calibrated and evaluated in the environment (i.e. city/region, indoor,

outdoor, personal exposure) in which they will be deployed. It demonstrates multiple

possible calibration methods and it stresses the need for sensors to be selected based

on the specific environment in which they will be deployed as sensors have a range

of concentrations for which they work best, and this range differs by sensor. Sec-

ondly this work demonstrates the effectiveness of an air purifier at reducing indoor

concentration of PM2.5 in the highly polluted cities of Beijing and Shanghai, but

also indicates that these purifiers are typically unable to reduce personal exposure

to PM2.5 to safe levels (WHO: 25 µg m−3). Thirdly, personal exposure and indoor

concentrations of pollutants and the ratios of personal exposure and indoor concen-

trations to outdoor concentrations were highly variable across study subjects with

personal exposure poorly correlated with outdoor measurements. This highlights

the need for additional measurements during health studies to accurately quantify

personal exposure and stresses the utility of low-cost monitors to take additional

measurements.

Sensor evaluation and calibration was explored in a number of field locations in

chapters 2-4. The second chapter of this work evaluated several low-cost particle

sensors under several field environments representing typical areas where additional

air monitoring data would be desirable - an urban near-highway environment in At-

lanta, GA, an urban background environment in Atlanta, GA, and a highly polluted
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area of Hyderabad, India. The sensors selected are easily procured commercially and

are growing in use by researchers building custom devices, incorporated into turnkey

sensor packages (e.g., AirBeam, Air Quality Egg), or being applied in build-your-own

sensor kit packages for citizen science. Although a limited number of sensors were

tested in a limited number of locations, this work is the first step, after laboratory

tests, in determining sensors suitability for different field applications. The third

chapter demonstrates an efficient calibration method that calibrates low-cost moni-

tors against a calibrated low-cost monitor as opposed to directly against a reference

monitor (i.e. TEOM). This 2-step method lowers the amount of collocation time

required to generate a calibration for most monitors since only one monitor must

be collocated for an extended period of time. After calibration with this method,

the low-cost monitors had low inter-monitor variability (1-hour average NRMSE=

2%). The fourth chapter demonstrates the need to check optically-based monitor

performance against a reference periodically (every 2-3 months) to determine if sig-

nificant changes in calibrations have occurred. Significantly different concentrations

of PM measured by filters and monitors demonstrate the challenges of personal expo-

sure monitoring and the need for more work to explore accurately measuring PM2.5

exposure. The importance of evaluating low-cost particle sensors in their intended

environment of use cannot be overstated based on this work.

Both the Beijing and Shanghai studies saw decreased bedroom PM2.5 and to a

lesser extent decreased personal exposure to PM2.5. During the Beijing pilot (Chap-

ter 3), in homes where the windows remained closed, purifiers reduced the average

indoor to outdoor ratios by 78% (average I/O sham = 0.72, average I/O true = 0.54).

Indoor and outdoor concentrations were correlated (R2 > 0.57) in all but one of the

compliant homes with minimal contributions from indoor sources. This highlights

that bedroom PM2.5 is coming primarily from outdoor sources and not from partic-
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ipants actions in their homes. One issue with a filtration intervention is that, not

surprisingly, purifiers are less effective in rooms with windows opened. During hot

summers, in homes without air conditioning, sleeping with the windows closed can

be uncomfortable forcing residents without air conditioning to choose their health or

their personal comfort. In cases of extreme heat this may be the choice between two

unsafe situations: high air pollution or unsafe bedroom temperatures. The average

personal exposure was 46 µg m−3 during sham filtration and 31 µg m−3 during true

filtration. Personal exposure to outdoor ratios was reduced in all compliant homes by

36% on average (min-max=15-81%). This study highlights that to achieve even lower

personal exposure, additional actions must be taken to reduce outdoor air infiltrat-

ing into the home, or actions need to be taken at the city or country level to reduce

PM2.5 pollution. The purifiers during the Shanghai project (Chapter 4) significantly

reduced both indoor and personal exposure to PM2.5. There was no measurable im-

pact of purifiers on indoor O3 or personal exposure to O3 but this may be due to the

limit of detection of our monitors and the low concentrations of O3 indoors. Results

suggest that most indoor PM2.5 is from outdoor sources, highlighting the importance

of reducing outdoor air pollution to reduce personal exposure. However, the reduc-

tion in personal exposure to PM2.5 experienced during true filtration is especially

important as it demonstrates one personal action that can be taken to improve an

individuals’ exposure. In countries where ambient air quality continues to be quite

poor, these types of actions empower individuals to improve their own health.

During both the Shanghai and Beijing projects, indoor PM2.5 and O3 concen-

trations and personal exposure to PM2.5 and O3 were highly variable with large

differences in the ratios of indoor to outdoor PM2.5 and personal exposure to out-

door PM2.5. The differences in exposure across these relatively uniform populations

demonstrate the need for dense monitor networks including indoor measurements,
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and the importance of personal exposure measurements to capture the variability of

personal exposures in a population. In addition the 5th chapter highlights the impor-

tance of time-activity patterns on personal exposure, the utility of low-cost monitors

for personal exposure and the importance of indoor environments’ contribution to

personal exposure. Children studied during this project spent, on average, 90% of

their time indoors. This resulted in the largest contributions to personal exposure

coming from indoor environments. Bedrooms contributed the most to PM2.5 per-

sonal exposure during sham filtration and to O3 during both periods, suggesting that

the bedroom should be the first micro-environment to be tackled to reduce personal

exposure to PM2.5 and O3. Both O3 and PM2.5 have negative health impacts, espe-

cially for asthmatic children, and this work stresses the need to mitigate exposures to

air pollutants in indoor environments where the largest contribution of participant’s

exposure is shown to come from.

Future work should should evaluate low-cost monitors for more extended durations

(i.e. 1 year or more) to determine their usable lifespan and any maintenance required

to keep the performance of monitors adequate. These results will be highly useful for

not only future longer-term health studies but also applications outside of research

including community monitoring. In addition, future studies should explore the best

use of low-cost real-time monitors to measure accurate personal exposure. The use

of low-cost monitors for personal exposure will become easier as technology advances

and monitors become smaller providing less of a burden to research participants.

Lastly, additional work should be done in highly polluted areas to identify additional

effective interventions enabling citizens to consistently reduce their personal exposure

to safe limits.
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