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Abstract

Community Air Monitoring of Particulate Matter in Imperial County, CA

Graeme Nowell Carvlin

Chair of the Supervisory Committee:
Professor Edmund Seto

Environmental & Occupational Health Sciences

The Imperial Project was a collaboration between community organizations, academia,
and state partners created to investigate levels of particulate matter, a criteria air pollutant, in the
highly impacted community of Imperial County. Community-based participatory research
(CBPR) techniques were used to ensure that community members were engaged in each step of
the research process. To cost-effectively measure air quality levels at a high temporal and spatial
resolution a new low-cost community air monitor was designed and deployed in a 40-monitor
network. These monitors were calibrated to regulatory beta-attenuation monitors (BAMSs)
operated by the California Air Resources Board. The calibration equation was validated by
siting a mobile version of the BAM monitor called an E-BAM at six sites throughout Imperial
County. The relatively high spatial density of the community air monitoring network enabled
the creation of a land use regression (LUR) model. The LUR model estimated PM25, PM less
than 2.5 um in diameter, and PMcoarse, PM between 2.5 and 10 pum in diameter, using land use
and meteorology. Back-trajectory analyses were performed to help explain which wind
conditions lead to high PM in Imperial County. The combined effect of wind speed, wind
direction, and seasonality were explored using polar plots. These analyses, along with the
estimated emissions and other information detailed in the Imperial County State Implementation
Plans, provide a comprehensive view of the sources of particulate matter in Imperial County.
Real-time data from the monitoring network is displayed on a public website, IVAN Air, run by
the community group Comite Civico del Valle (CCV). CCV and other project partners have
taken the information learned from this project and engaged community residents in learning
about their air quality and the actions they can take to reduce their exposure.
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Chapter 1. Introduction

Particulate matter (PM), a mix of liquid and solid particles in the air, has been linked to
negative health outcomes that vary based on particle size. PMas, particulate matter less than 2.5
microns in diameter, has been linked to childhood asthma, cardiovascular disease, cancer, and an
increase in overall mortality (Anderson et al., 2011; Brook et al., 2017; Khreis et al., 2017,
Atkinson et al., 2016). PMcoarse, particulate matter between 2.5 and 10 microns, has been linked
to chronic obstructive pulmonary disease (COPD), asthma and respiratory problems, and
respiratory-based emergency room visits (Brunekreef & Forsberg, 2005). PM1g, PM less than 10
microns, and PM s are regulated in the United States under the Environmental Protection
Agency’s National Ambient Air Quality Standards (NAAQS). Imperial County, a primarily
Hispanic agricultural region in southeastern California with a population of approximately
180,000, has exceeded the NAAQS for PM2 5 since 2009 and PMyo since 1990 (CFR, 2018; U.S.
Census Bureau, 2010). According to the California Department of Health Services (2014),
Imperial County has the second highest rate of childhood asthma emergency room visits in the
state. The Imperial Project (NIH RO1ES022722) was a collaboration between academics at the
University of Washington and UCLA; a local community group, Comite Civico del Valle
(CCV); and community health researchers at the California Environmental Health Tracking
Program (CEHTP; a program of the Public Health Institute in collaboration with the California
Department of Public Health) to investigate levels of particulate matter in Imperial County
(English et al., 2017).

Sources of PM in Imperial include unpaved road and windborne dust from the
surrounding desert; agricultural activities such as tilling, burning, and cattle feedlots; and mobile
sources such as cars, aircraft, and heavy-duty vehicles (Imperial County Air Pollution Control
District, 2014). The 2013 Imperial County State Implementation Plan (SIP) for PM_s lists
unpaved road dust and fugitive windborne dust combined as contributing nearly an order of
magnitude more PM per day than the next highest source. Anecdotal evidence from community
residents suggests that dust storms, dust from vehicles on unpaved roads, heavy smoke from
agricultural burning, emissions from agricultural vehicles, and emissions from industrial sources
are visible sources of concern. External sources of PM include transport from Mexicali, a city
with around 1 million residents that is adjacent to the US-Mexico border, and dust from the bed
of the Salton Sea. The Salton Sea is a large inland lake that is drying up due to changes in water
rights that lower the runoff from agricultural fields that was keeping the lake from evaporating.
In particular, emissions from Mexicali have been cited by the Imperial County Air Pollution
Control district as being the reason for Imperial County’s PM25 non-attainment status (Imperial
County Air Pollution Control District, 2014)

The regulatory air monitoring network in Imperial County consists of five sites that
measure PMyo, two of which also measure PM. s (California Air Resources Board, 2016). These
sites are located to support compliance with the NAAQS and to provide air quality information
to the public and to air pollution studies. However, residents felt that the existing air monitoring
network did not adequately measure their exposures and did not provide air quality information
in a transparent and easy to understand manner. They wanted higher spatial and temporal



resolution data to help them choose when to spend time outdoors to help lower exposure.
Community members were also interested in drawing attention to local sources that they felt
were impacting the air and their health. It was important for them to have control over the data,
to be involved in data processing, and to have data analysis products provided in a way that was
easy for them to understand.

The Imperial Project was designed to engage the community to help address their
concerns by using a technique called community-based participatory research (CBPR). CBPR
includes the local community where the study takes place as an integral member in the research
process (Minkler, 2010; Kondo et al., 2014). Community members are invited to help define the
scientific questions for the research study, collect and interpret the data, and provide feedback for
future collaboration. Through meetings with community members and a cooperative community
mapping process, CCV and other project partners helped to create a list of locations that the
community felt were important places to site air monitors (Wong et al., 2018). This process led
to the selection of 20 sites, primarily schools, businesses, and resident houses. Later on, 20 more
monitors were placed at locations suggested by researchers at UW based on spatial analysis and
land use regression. These locations were also chosen to increase the geographic coverage of the
network and monitor specific large sources, primarily the Salton Sea and the US-Mexico border.

In order to cost effectively monitor air quality at 40 sites a new low-cost community air
monitor was designed by researchers at UW. The monitor consisted of a Dylos 1700 laser
particle counter, an Arduino Yun microcontroller, an HIH 6130 temperature and humidity
sensor, an a NEMA-6 rated enclosure. The Dylos reports particle counts per unit volume,
specifically, # of particles per 0.01 ft3, once every 10 seconds. The laser light is scattered by
particles and detected by a photodiode, which creates an output voltage proportional to the
amount of incident light. Larger particles reflect more light and lead to a higher voltage.
Different voltage cutoffs provide cumulative particle size bins. The Dylos 1700 was customized
by the manufacturer per our request to measure particles in four size bins: particles greater than
(>) 0.5 um in diameter, >1.0 um, >2.5 um, and >10 um. Data from the Dylos were averaged to
the 5-minute time scale then recorded onto an SD memory card on the microcontroller and sent
over Wi-Fi, cellular, or Ethernet networking, to a database hosted at UW. The data was then
downloaded for data analyses and, after applying quality control processes, sent to a public
website for community members to be able to see their local air quality levels.

Chapter 2 describes the conversion of the Dylos particle count concentrations to mass
concentrations and calibration of the community monitors by collocation. A community monitor
was collocated with a federal equivalent method (FEM) PM2s and FEM PM1g beta-attenuation
monitor (BAM) at the Calexico-Ethel site operated by the California Air Resources Board
(CARB). Data were collected for six months during 2015 and 2016. Data were examined during
this period to develop a quality control process for the project. The sizing of particles from the
Dylos were compared with reference PM2s and PM1o data. A calibration model was developed
from the colocation that relates particle count concentrations from the Dylos to the reference PM
mass concentrations, adjusting for the effect of relative humidity. Finally, this model was



validated at six other sites with collocated environmental beta attenuation monitors (E-BAMS)
serving as references.

Chapter 3 describes a land use regression analysis that explores the effect of land use on
monthly PM2s and PMcoarse. PMcoarse, the difference between PM1o and PM2 s, was investigated
instead of PMyg since it is a separate size fraction and may be linked with different sources,
whereas PMzo overlaps with PM2s (Eeftens et al., 2012). Creating a land use regression model
would not have been possible with the sparse government network in Imperial County since
coverage of a large amount of different land use combinations is necessary. In the land use
regression model particulate matter was the response variable and type of land use, such as area
of water or length of roads, was one of the explanatory variables. Other explanatory variables
included latitude and longitude; meteorological variables including relative humidity,
temperature, wind direction and speed, and planetary boundary layer height; traffic; distance to
the US-Mexico border and the Salton Sea; and acres burned during permitted agricultural
burning events. Varying buffer sizes for land use variables were explored. Leave-one-out cross-
validation was used for model selection. For the best-performing model, variable importance
was investigated and the most relevant variables for explaining PMzs and PMcoarse Were
identified. Finally, the models were used to predict surface maps for PM2s and PMcoarse for the
valley.

Chapter 4 presents an analysis of the effect of wind direction and wind speed on PM2 s
and PMcoarse Using particle back trajectories and polar plots. The Hybrid Single Particle
Lagrangian Trajectory (HYSPLIT) program was used through R using the R package splitR to
create 24-hour back trajectories for all hours with high (top 5%), very high (top 0.1%), and
median (middle 5% and 0.1%) PM2s and PMcoarse cOncentrations. The Global Data Assimilation
System (GDAS) 1° dataset from the Air Resources Laboratory (ARL) at the National Oceanic
and Atmospheric Administration (NOAA) was used as the meteorological input to HYSPLIT.
Median hours were matched to high and very high hours by site so that the median and high/very
high categories each had the same number of trajectories from each site. Back trajectories were
analyzed to determine the places where air parcels were more likely to pass through during
periods of elevated PM, compared to periods of moderate PM. Polar plots were used to
investigate the effect of wind speed and direction on PM in Brawley, a city in the center of the
Imperial Valley, and Calexico, a city on the US-Mexico border.

While not described in individual chapters in the dissertation, there are many other
aspects of the project that reflect the CBPR monitoring process. For instance, the calibrated data
from the 40 community air monitors are displayed on a website run by CCV called IVAN air,
https://ivan-imperial.org/air. The current air quality level can be seen along with summary
statistics for the last 24 hours, 30 days, and 90 days. Community members can sign up for text
alerts for individual monitors. CCV has done outreach campaigns with the air monitoring data
from the network to help teach residents how to use IVAN air, how to understand what the
different air quality levels mean, and what actions they can take to protect themselves and their
families during high PM episodes. A majority of this outreach has been directed at schools and
teaching children about air quality. The Imperial Project had a community steering committee



that was made up of various community stakeholders including students from local high schools.
This steering committee was integral in the community-based participatory research process and
in teaching others about the Imperial community air monitoring network.

As a final step in the CBPR process the air monitors themselves and the operation of the
network were handed over to CCV. CCV was the primary group that sited the air monitors and
performed maintenance on the monitors throughout the study. They are now actively working
on setting up and maintaining the database that stores the data from the monitors and running the
software that does QC validation of the monitoring data. They are also able to assemble and
program the monitors themselves.

The Imperial Project members are now working on documenting and exporting the
Imperial Project community air monitoring model to other highly impacted communities. This
includes creating a manual that details how community residents can work with academic and
government partners to monitor the air quality in their community. A community learning
conference will be held to help interested communities learn more about community air
monitoring.



Reference for Chapter 1

2017. Protection of Environment. Title 40. Part 50, National Primary and Secondary Ambient
Air Quality Standards. U.S. Code of Federal Regulations., CFR.
https://www.ecfr.gov/cgi-bin/text-idx?tpl=/ecfrbrowse/Title40/40cfr50_main_02.tpl

2018. Protection of the Environment. Title 40. Subpart C to Part 81, 81.305 Attainment Status
Designations - California. U.S. Code of Federal Regulations., CFR.
https://www.ecfr.gov/cgi-bin/text-
1dx?SID=6ce471d8cc33d1695ff368b16ccc3bce&mce=true&node=se40.20.81_1305&rgn=
div8

Anderson, J., Thundiyil, J., & Stolbach, A. 2011. Clearing the Air: A Review of the Effects of
Particulate Matter Air Pollution on Human Health. Journal of Medical Toxicology, 8(2),
166-175.

Atkinson R.W., Butland B.K., Dimitroulopoulou C., Heal M.R., Stedman J.R., Carslaw N.,
Jarvis D., Heaviside C., Vardoulakis S., Walton H., Anderson H.R. 2016. Long-term
exposure to ambient o0zone and mortality: a quantitative systematic review and meta-
analysis of evidence from cohort studies. BMJ Open, 6(2).

Brook R.D., Newby D.E., Rajagopalan S. 2017. The Global Threat of Outdoor Ambient Air
Pollution to Cardiovascular Health: Time for Intervention. JAMA Cardiol.

Brunekreef B., Forsberg, B. 2005. Epidemiological evidence of effects of coarse airborne
particles on health. European Respiratory Journal, 26, 309-318.

California Air Resources Board, 2016. Annual Network Plan.
https://www.arb.ca.gov/aqd/amnr/amnr2016.pdf (accessed January 17, 2017).

California Department of Health Services, 2014. Asthma ED Visits, Children, 2014.
http://www.californiabreathing.org/asthma-data/county-comparisons/edvisits-children
(accessed February 12, 2017).

Eeftens, M., Tsai, M., Ampe, C., Anwander, B., Beelen, R., Bellander, T., . .. Hoek, G. (2012).
Spatial variation of PM2.5, PM10, PM2.5 absorbance and PMcoarse concentrations
between and within 20 European study areas and the relationship with NO2 — Results of
the ESCAPE project. Atmospheric Environment, 62, 303-317.
doi:10.1016/j.atmosenv.2012.08.038

English, P., Olmedo, L., Bejarano, E., Lugo, H., Murillo, E., Seto, E., Wong, M., King, G.,
Wilkie, A., Meltzer, D., Carvlin, G., Jerrett, M., & Northcross, A. 2017. The Imperial
County Community Air Monitoring Network: A Model for Community-based
Environmental Monitoring for Public Health Action. Environmental Health Perspectives,
125(7), 074501-1 to 074501-5.



Imperial County Air Pollution Control District, 2014. Imperial County 2013 State
Implementation Plan for the 2006 24-hour PM2.5 Moderate Nonattainment Area.
http://www.arb.ca.gov/planning/sip/planarea/imperial/Final_PM2.5 SIP_%28Dec 2, 20
14%29_Approved.pdf (accessed January 24, 2017).

Khreis H., Kelly C., Tate J., Parslow R., Lucas K., Nieuwenhuijsen M. 2017. Exposure to traffic-
related air pollution and risk of development of childhood asthma: A systematic review
and meta-analysis. Environ Int., 100, 1-31.

Kondo, M., Mizes, C., Lee, J., Mcgady-Saier, J., O’Malley, L., Diliberto, A., Burstyn, 1. (2014).
Towards Participatory Air Pollution Exposure Assessment in a Goods Movement
Community. Progress in Community Health Partnerships: Research, Education, and
Action, 8(3), 291-304.

Minkler, M. (2010). Linking Science and Policy Through Community-Based Participatory
Research to Study and Address Health Disparities. American Journal of Public Health,
100(S1).

Richards, L., Alcorn, S., McDade, C., Couture, T., Lowenthal, D., Chow, J., Watson, J. (1999).
Optical properties of the San Joaquin Valley aerosol collected during the 1995 integrated
monitoring study. Atmospheric Environment, 33, 4787-4795.

U.S. Census Bureau. State and County QuickFacts, Imperial County, CA. Washington, D.C.:
Government Printing Office. U.S. Census Bureau. (2010). Retrieved from
https://www.census.gov/quickfacts/fact/table/imperialcountycalifornia/PST045217#viewt

op

Wong, M., Bejarano, E., Carvlin, G., Fellows, K., King, G., Lugo, H., Jerrett, M., Meltzer, D.,
Northcross, A., Olmedo, L., Seto, E., Wilkie, A., & English, P. (2018). Combining
Community Engagement and Scientific Approaches in Next-Generation Monitor Siting:
The Case of the Imperial County Community Air Network. International Journal of
Environmental Research and Public Health, 15(523), 1-14.

Wu, C., Delfino, R., Floro, J., Samimi, B., Quintana, P., Kleinman, M., Liu, L. (2005).
Evaluation and quality control of personal nephelometers in indoor, outdoor and personal
environments. Journal of Exposure Analysis and Environmental Epidemiology, 15, 99-
110.



Chapter 2. Development and Field Validation of a Community-Engaged Particulate Matter
Air Quality Monitoring Network in Imperial, CA*

*Published as: Graeme N. Carvlin, Humberto Lugo, Luis Olmedo, Ester Bejarano,

Alexa Wilkie, Dan Meltzer, Michelle Wong, Galatea King, Amanda Northcross, Michael

Jerrett, Paul B. English, Donald Hammond & Edmund Seto (2017) Development and field
validation of a community-engaged particulate matter air quality monitoring network in Imperial,
California, USA, Journal of the Air & Waste Management Association, 67:12, 1342-1352, DOI:
10.1080/10962247.2017.1369471

2.1 Introduction

Particulate matter (PM), a collection of liquid and solid particles in the air, has been
found to be associated with numerous adverse health outcomes across the life course, including
adverse birth outcomes, incident childhood asthma, delayed lung function development,
cardiovascular disease development, cancer incidence, and premature death (Brook et al., 2017,
Anderson et al., 2011; Atkinson et al., 2016; Khreis et al., 2017). Asthmatic children are
particularly at risk from high PM levels due to heightened airway responsiveness, such that air
pollution can often cause exacerbation of symptoms (Schwartz, 2004). Imperial County, located
in southeastern California, has had levels of PM2s (PM under 2.5 pm in diameter) and PM1o (PM
under 10 pm in diameter) that have repeatedly exceeded the U.S. Environmental Protection
Agency’s (EPA) National Ambient Air Quality Standards (Imperial County Air Pollution
Control District, 2014; California Air Resources Board, 2015). The county also has the second
highest rate of childhood asthma emergency department visits in the state (California Department
of Health Services, 2014).

The regulatory air monitoring network in Imperial Valley serves to support compliance
with ambient air quality standards, provide air pollution data to the public, and support air
pollution research studies. The PM network consists of five sites that measure PM1o, of which
two also measure PM2 s (California Air Resources Board, 2016). One site is designed to assess
concentrations near the United States—Mexico border and the community of Calexico, whereas
the other four measure air quality levels throughout the Imperial Valley, largely in a strip of rural
farmland running down the middle of Imperial County where most of the population resides in
small communities.

The Imperial County Community Air Monitoring Project (National Institutes of Health
[NIH] RO1ES022722) was designed as a community-engaged research study that partnered
public health researchers from the California Environmental Health Tracking Program,
environmental justice leaders from a local community-based organization, Comite Civico del
Valle (CCV), and various academics with experience in air quality and health effects studies to
assess environmental quality needs, conduct community-led air quality monitoring, and identify
opportunities in which higher spatial resolution environmental data may affect policy and
planning efforts in the valley.



Early in the study, community residents expressed concern that the existing regulatory
network did not adequately measure their exposure to air pollution. They desired higher spatial
and temporal resolution data to help make decisions on how to best protect themselves and their
children during high-pollution events. Furthermore, there was interest in additional monitoring
where sensitive subpopulations may be exposed to local pollution levels higher than those
observed throughout the rest of the region. Eleven communities were chosen as priority areas for
air monitoring by a community steering committee (CSC), and local community members
volunteered to participate in a process to identify, map, and collect data on potential monitoring
sites (English et al., 2017). In order to cost effectively monitor 40 sites, the study organizers
developed a monitoring platform that consisted of low-cost technologies—a commercially
available particle counter, additional sensors for temperature and humidity, and a wireless
microcontroller. The networked PM monitors provided increased coverage, in terms of number
of monitors compared with the regulatory network, by nearly an order of magnitude and allowed
for real-time display of air quality levels.

In the past few years, there has been a dramatic increase in the number of low-cost next-
generation air monitoring technologies (Jiao et al., 2016). However, the performance of these
monitors in comparison with existing federal equivalent method (FEM) and federal reference
method (FRM) air monitors is often poorly documented. The South Coast Air Quality
Management District and the EPA have begun to perform laboratory and field experiments for
some monitors and have found that performance varies widely (South Coast Air Quality
Management District, 2015; Williams et al., 2014). Most low-cost PM monitors operate based on
light scattering. So, depending on particle composition, uncorrected measurements can vary
regionally and seasonally. Therefore, it is important to calibrate and validate monitors in the field
under typical use conditions. A calibration equation for estimating particle mass concentrations
using particle count concentrations produced by optical light scattering monitors can be
developed by collocating monitors with FEM or FRM instruments and then validated at other
sites.

For this study, we collocated a monitor at the California Air Resources Board (CARB)
Calexico-Ethel site, located at the Calexico High School on East Belcher Street, which collects
reference measurements of PM from both FEM beta-attenuation monitors (BAMs) and FRM
filter—based gravimetric samplers. By comparing FEM and FRM data with data from the
community air monitors, an equation for estimating mass concentrations from the Dylos particle
count concentrations was developed. The calibration equation was validated by comparing
calibrated monitor results with PM2s measured by collocated reference instruments at six other
sites. Both the Dylos and BAM mass measurements were also converted to an air quality index
(AQI) and displayed on a Web site, allowing community partners, air quality stakeholders, and
residents access to real-time calibrated data from the Imperial community air monitoring network
(Appendix A, Figure 10).



2.2 Materials and Methods

The particle counter used in the community monitors was a modified Dylos 1700 (Dylos
Corporation, Riverside, CA). The firmware was changed to increase the number of particle size
bins from two to four (>0.5 um, >1.0 um, >2.5 um, and >10 um). A custom circuit board was
designed to interface the Dylos with an Arduino Yun (Arduino LLC, Turin, Italy) to add
networking capabilities. The circuit board also integrated a HIH 6130 temperature and relative
humidity sensor (Honeywell International Inc., Morris Plains, NJ). Each Arduino Yun was then
connected to either Wi-Fi, Ethernet, or a T-Mobile cellular modem. This enabled transmission of
the Dylos, temperature, and relative humidity data to a database operated by the University of
Washington information technology (IT) staff in collaboration with the Seto laboratory. The
Dylos and networking hardware were installed into a National Electrical Manufacturers
Association (NEMA) 6-rated enclosure (Figure 1). Not including labor to construct and maintain
the monitor, the cost of the parts for the system was around $1,500.

The Dylos output readings in units of particle number per 0.01 ft3 every 10 sec to the
Arduino Yun, which collected these values and sent the 5-min average to the database. For this
data analysis, the 5-min averages were downloaded from the database and averaged to 1-hr
values. Any hour with less than 75% data completeness was flagged for quality control and
removed. All hours with a particle count < 30 were also removed. Values below this threshold
indicated a problem with the Dylos monitor; most often that the photodiode was dirty and the
monitor needed to be cleaned. All data analyses were performed using R statistical software (R
Development Core Team, v. 3.4.0, April 2017).

The Calexico-Ethel site (EPA Air Quality Site [AQS] no. 060250005) was used for
collocation and comparison of the Dylos with reference samplers because it had several PM
monitors, including a PM2s FRM sampler (R&P 2025; Thermo Fisher Scientific, Albany, NY), a
PM1o FRM sampler (Sierra Anderson 1200; Thermo Fisher Scientific, Albany, NY), and two
PM25/PM1g FEM samplers (MetOne BAM-1020; Met One Instruments, Inc, Grants Pass, OR).
The PM2s FRM sampler used a 16.67 liters per minute (LPM) medium volume pump and a 46.2-
mm Teflon filter, which was weighed before and after sampling to determine PM concentration.
The PM1o FRM sampler used a 40 LPM high-volume pump and a 46.2-mm quartz filter, which
was weighed before and after sampling to determine PM concentration. PM2s and PM1o FEM
samplers used a beta-particle source and detector to determine the amount of radiation absorbed
by particles caught on a filter tape, which is proportional to particle mass. The Calexico-Ethel
PM samplers are located on top of a trailer in a semiurban area of Calexico, California, away
from local sources and nearby obstructions.

The primary PM2s monitor is an FRM sampler operating on a daily schedule. During
2014 and 2015, in addition to the FRM, a pair of collocated PM2s FEM monitors were operated
at the site to collect hourly data. At the beginning of 2016, one of the FEM PM25 samplers was
converted to a FEM PM1o sampler, which replaced the existing FRM PM1o sampler. At the same
time, the second FEM PM2s sampler was converted to a non-FEM PM2 s sampler to continue
hourly monitoring for local forecasting. PM2s FRM collocation data were available for the entire
study period, whereas FEM PM s data were available for 2015. The PM2s comparison used data
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collected from (month/day/year) 6/18/2015 to 12/21/2015. The PM1o comparison used data
collected from 1/15/2016 to 7/12/2016.

A conversion equation was developed to transform the Dylos particle count
concentrations into particle mass concentrations using data from the collocation with the FEM
PM2s and FEM PM1o BAMs at the Calexico-Ethel site. After the data quality control checks, the
resulting data were averaged to 1-day values using two different techniques. First, the 5-min
Dylos data were averaged directly to 1-day data for comparison with PM2s and PM1o FRM
gravimetric filters. Second, the 1-hr Dylos data from Calexico-Ethel were averaged to 1-day data
for comparison with the PM2s and PMy FEM BAMs using only hours when both the Dylos and
BAMs had data. This was done to ensure that missing data in either data set did not bias the
comparison.

The primary and collocated measurements for both PM.s FEM and FRM were compared
to validate the precision and accuracy of CARB’s samplers. Hourly data were averaged for the
day, only including days that had at least 18 valid hours or 75% completeness. PM2s FEM daily
averages with matching primary and collocated days were compared from June 2015, the start of
the Dylos collocation, until December 2015, the end of PM25 FEM monitoring.

The first step toward creating a calibration equation was to investigate which Dylos
particle size bin or combination of bins was most highly correlated with PM25 and PM1o as
measured by the BAMs and filters. A priori, it would be expected that the Dylos would best
measure PMzs as bin 1 — bin 3 (all particles >0.5 pm minus all particles >2.5 um) and PMyo as
bin 1 — bin 4 (all particles >0.5 um minus all particles >10 pum). However, the correlations
between reference PM data and all individual bins and bin combinations were examined using
the coefficient of determination (R2), which measures the amount of variance in the dependent
variable that is predicted by the independent variable. For PM2s, bin 1 and bin 1 — bin 3 were
most highly correlated and there was only a slight difference between them. For PMyo, bin 3 and
bin 3 — bin 4 were most highly correlated, suggesting that Dylos counts for particles larger than
2.5 um and between 2.5 and 10 um are most representative of PM1o. There was only a slight
difference between the correlation for bin 3 and bin 3 — bin 4. The highest correlated bins (bin 1
for PM2s and bin 3 for PMao, respectively) were used in subsequent analyses.

Finally, a conversion equation was developed using the Dylos counts and FEM PM2s and
PMy BAM data. Relative humidity and temperature were tested as possible covariates, and it
was found that separately both improved the conversion equation. Relative humidity is known to
change particle size due to the addition or subtraction of water from particles (Winkler, 1973).
Past research has used a non-linear adjustment above a certain RH, anywhere from 60% to 85%
(Richards et al., 1999; Wu et al., 2005). However, this would not have much applicability to the
Imperial data since the max RH in the dataset used to develop the conversion equation was 66%
with a mean of 19%. Since temperature and relative humidity were moderately correlated, only
relative humidity was included in the conversion equation.
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PM2 5 conversion equation:

Dylos,;,, = B, + BBAM o5 + B,RH +€() (1)

PM1o conversion equation:

Dylosbin3 = ﬂo + ﬁlBAM pmio T ﬂzRH + e() (2)

where Po is the intercept, RH is the relative humidity as measured by the RH sensor on
our custom circuit board, and e is the residual error. In these models, we were most interested in
the error of the Dylos relative to the reference instrument. Thus, the BAM values appear on the
right side of the equation, and the error term explains the residual deviation of the Dylos
measurement from the BAM measurement after a constant offset (the intercept) and RH have
been accounted for. We assumed that the Dylos will have greater error than the BAM because
the BAM is a FEM instrument operated by CARB.

This equation was inverted to estimate BAM-measured mass concentrations in units of pg/m?
from the Dylos measurements:

Dylosbinl - ﬂzRH Dylos /Bo = ﬂlBAM PM25 (3)

1 B, '8_0
= |Dylos,,, —| 22 |RHoye —| 22 | = BAM oy 5 4
[ﬂ} Y10S;in1 (ﬂj Dyl [ﬁ] ()

1 1 1

To make this simpler to implement, we defined the following constants:

=g )
1

L 5b

= (5b)

c3=‘7f2 (50

Furthermore, BAMpwm2.5 Was our estimate of Dylospmz.s_mass, therefore:

DYI0Spy 2.5 mass = C1 + €, * DY10S,,, + €3 * RH 5 (6)
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And for PMo:

DY10Spy 10 mass =€y + €, * DYl0S,;,5 + €3 * RH Dylos (7)

These equations were applied to data collected from all community monitors in our study.

To validate the community monitors’ measurements and the conversion equation for
PM2s, CARB deployed MetOne environmental BAMs (E-BAMSs) with size inlets for PM2.5 at
six of the community monitoring sites from 3/2/2016 to 7/19/2016 (Figure 2). All E-BAMSs were
operated according to CARB standard operating procedures, and only E-BAM hourly averaged
mass concentration data that passed their quality assurance were used in our analyses. The
monitors at the validation sites were located on the top of school buildings and private
businesses. Monitors were sited away from local sources such as heating, ventilation, and air
conditioning (HVAC) systems and nearby obstructions such as tall trees.

Dylos PM2.s mass concentrations were compared with the collocated E-BAM PM3.5 mass
measurements. One site, Kennedy, was only continuously online during March. As a result, data
from the site after March were excluded from the analysis. Dylos counts were converted to PMz s
mass concentrations using eq 6. Dylos and E-BAM hourly data were averaged into daily
measurements. Daily averages were paired when both values met at least 75% completeness, that
is, 18 or more valid hours. The Dylos and E-BAM collocation sampling was nearly a 5-month
period from March through July 2016. The R? value was calculated for the Dylos PM2s mass
measurements and the E-BAM PM2s mass measurements. Then an assessment of precision and
bias between the samplers was conducted using EPA air monitoring statistics for PM2 s daily
values (U.S. Code of Federal Regulations, 2016). Paired daily averages with both values above 3
ng/m?3 were used for the assessment as required by the statistical procedure.

Additionally, separate site-specific conversion equations were created for each site,
modeling the relationship between the collocated Dylos and E-BAM. These models used the
same variables and inversion technique as the Calexico-Ethel conversion equation. The site-
specific models were used to convert Dylos counts to PM_ s separately for each site. The R? for
these Dylos PM2s mass measurements and the E-BAMs was calculated and compared with the
PM_s Dylos and E-BAM R? values achieved using eq 6.

Finally, to provide the community with a high spatiotemporal resolution real-time map of
air pollution in Imperial County, the CSC and project partners provided input and determined
requirements for the display of the air monitoring data. With this guidance, an existing
community environmental reporting Web site operated by CCV was enhanced to display data
from the 40-monitor network (www.ivan-imperial.org/air; Appendix A, Figure 10).
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2.3 Results and Discussion
2.3.1 Conversion

Daily averaged PM>s FEM and FRM measurements from the Calexico-Ethel site were
compared to assess the precision and accuracy of CARB’s samplers and to ensure that data from
these samplers could be used as a reference to compare with the Dylos. The average
concentrations for the primary and collocated samplers were 12.1 and 11.6 pg/m?, respectively,
or 4.2% difference. The correlation for PM2s FEM samplers was very good, with R? = 0.899,
slope = 0.996, and intercept of 0.54 pg/m® (Appendix A, Figure 1). PM2s FRM measurements
were similarly compared for the same time period. The average concentrations for the primary
and collocated samplers were 11.1 and 11.2 pg/m?, respectively, or 0.90% difference. The
correlation between replicate PM2s FRM samplers was very good, with R? = 0.953, slope =
0.971, and intercept of 0.15 ug/m® (Appendix A, Figure 2). Matching days for the PM2s FRM
and FEM primary samplers were compared as a check on method accuracy. The average
concentrations for the FRM and FEM were 10.7 and 11.9 pg/m?®, respectively, or 11% difference.
The correlation for the methods was fair, with R? = 0.727, slope = 0.664, and intercept of 2.79
ng/m3. The FEM continuous sampler had a slight positive bias over the FRM one during the
study period at the Calexico-Ethel collocation site. The FEM and FRM results support the
accuracy of both methods and therefore can be used to model the correction for the Dylos.

Correlation of the community air monitor’s Dylos bins with BAM measurements was
performed in order to determine which bin(s) most accurately measure PM2s and PM1g
(Appendix A, Table 1). It was found that bin 1 and the difference between the fourth and first
bins (bin 1 — bin 4) were most correlated with PM2 s, with Pearson correlations of 0.78 and 0.78,
respectively, and bin 3 and the difference between the fourth and third bins (bin 3 — bin 4) were
most correlated with PM1o, with Pearson correlations of 0.87 and 0.86, respectively. Bin 1 and
bin 3 were chosen to represent Dylos PM. s and PM1o counts, respectively.

The Dylos particle counts compared quite well with the FRM filter and FEM BAM for
both PM.5 and PMzg (Table 1). The Dylos compared better with the BAM on the daily rather
than hourly time scale. The addition of RH or temperature in the Dylos-BAM hourly models
increased the adjusted R? by 0.03; however, including both only raised the adjusted R? by 0.01
over including either temperature or RH. The reason for this may be because observed
temperature and RH values were moderately correlated (r = —0.51). Thus, only RH was included
in the conversion equation.

The calculated constants from the regression models were as follows: PM2s: ¢1 = 4.790,
€2=7.879 x 1073, c3 =—-2.294 x 1071, PM10: ¢1 = 8.045; ¢2=2.375x 107%; ¢3 =—9.661 x 107,
These were used to convert the Dylos count data to mass concentration. There were 3907 hourly
data points for the PM2 s conversion and 4008 hourly data points for the PM1o conversion. The
conversion produced some negative Dylos PM mass values, which were not omitted from the
following analyses.

The resulting R? values between the PM2s and PM1o BAM measurements and Dylos
measurements at the CARB Calexico-Ethel site after conversion from particle number to particle
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mass concentration were as follows: PM2s: 0.79 (hourly), 0.84 (daily); PMzo: 0.78 (hourly), 0.81
(daily). The data are plotted in Figure 3. The correlation for PM1o on the daily scale was lower
than the pre-conversion correlation due to a few low-PM, high- RH days where the model did
not perform well.

Previous comparisons of the Dylos with reference instruments have shown R? values
ranging from 0.53 to 0.95. South Coast Air Quality Management District (2015) reported
correlations of 0.63 (hourly) and 0.81 (daily) with a PM2.5 BAM; Northcross et al. (2013)
reported correlations of 0.81-0.99 (hourly) with a TSI DustTrak (Model 8520, TSI Inc,
Shoreview, MN); Williams et al. (2014) and Manikonda et al. (2016) found a correlation of 0.53
(hourly) with a Grimm model EDM180 (GRIMM Aerosol Technik, Ainring, Germany); and
Steinle et al. (2015) found correlations of 0.70 and 0.90 (hourly) with a tapered element
oscillating microbalance (TEOM). The R2 values for Dylos and BAM in this study, 0.79 for
hourly PM2s and 0.78 for hourly PM1o, are similar to the Dylos-BAM correlations reported in
the literature.

A report by the South Coast Air Quality Management District showed good correlation
between a Dylos 1700 and a Grimm, and the Dylos response seemed to be linear at
concentrations relevant to field use (South Coast Air Quality Management District, 2017), i.e.,
less than ~70,000 particles per 0.01 ft3, which is above the maximum value seen in this study.
However, without calibration, the Dylos overestimated the Grimm. This highlights the
importance of calibrating the Dylos before trying to interpret its measurements.

The Dylos PM2s mass concentrations compared well with both the PM2s FEM BAM and
the PM2s FRM filter. The correlation for Dylos PM25s to the PM2s FRM filter was R? = 0.792
(slope = 1.413 and intercept of —2.27 pg/m3). The average concentrations for the Dylos PMs
and PM2s FRM filter, which were compared from 6/20/2015 to 7/12/2016, were 14.0 and 11.5
ng/m?®, respectively, or 20% difference. The correlation for 24-hr Dylos PM_s to the PM2s FEM
BAM was R? = 0.843 (slope = 1.108 and intercept of —1.38 pug/m?). The average concentrations
for the Dylos PM.s and PM2s FEM BAM, which were compared from 6/20/2015 to 12/21/2015,
were identical at 12.6 pg/m®. The correlation for Dylos PM1g to the PM1o FRM filter was R? =
0.808 (slope = 1.572 and intercept of —27.50 pg/m?®). The average concentrations for the Dylos
PM1o and PMz1o FRM filter, which were compared from 6/23/2015 to 1/19/2016, were 52.2 and
50.7 ng/m?3, respectively, or 3% difference. The correlation for the 24-hr Dylos PM1o to PM1o
FEM BAM was R2 = 0.808 (slope = 1.094 and intercept of —5.21 ng/m®). The average
concentrations for the Dylos PM1o and PM1o FEM BAM, which were compared from 1/15/2016
to 7/12/2016, were 55.5 and 55.4 pg/m?, respectively, or 0.18% difference.

2.3.2 Validation

Based on the conversion equation developed for the Calexico-Ethel data, the Dylos data
from the six E-BAM collocation sites were converted from particle number to particle mass
concentration. Some error may have been introduced in the following analyses by comparing the
Dylos with an E-BAM instead of a BAM, which was the instrument used in the development of
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the conversion equation. However, there were no extra BAMs available to help validate the
conversion equation. In future studies, we would suggest either collocating an E-BAM with a
BAM to understand how they compare or using more BAMs for validation.

Summary statistics calculated for each site for the Dylos and the E-BAMSs revealed that in
general, with one exception, Dylos averages tended to be lower than the E-BAM averages (Table
2). Also, nearly all Dylos had lower variability than the collocated E-BAMs. CARB’s quality
control protocol for this study invalidated hourly E-BAM data below —3 pg/m? to retain data
reading near zero that may have variability while removing very low negative values that were
suspect.

PM2 s precision of collocated samplers was measured with a coefficient of variation (CV)
statistic and used a performance goal within £10%. Although this EPA criterion is seldom met in
national air monitoring networks and the Dylos-E-BAM monitoring was not using identical
samplers, CV and bias values provide useful indicators of performance (Table 3). Bias was the
average percent difference among daily pairs with one sampler being the audit or reference
sampler. The E-BAM was used as the reference sampler; therefore, a positive bias value
indicates that the Dylos was measuring higher than the E-BAM; conversely, a negative bias
value indicates the Dylos was measuring lower than the E-BAM. The average bias of all six
collocations was —4.7% with a range of 28.3% to —31.4%. The average precision of all six
collocations was 25.2% with a range of 17.5% to —35.2%. As a comparison, the CARB
Calexico-Ethel PM2s FRM filter—based collocated precision levels were 22.8% and 8.2% in
2015 and 2016, respectively. Given that the FRM-FRM comparison was using identical samplers
whereas the Dylos-E-BAM had different methodologies, and should be expected to be larger, the
precision for the Dylos-E-BAM appears to be reasonable for good measurements.

Time-series plots, scatterplots, and residual plots were created for each site. In general,
the Dylos measurements tracked similarly to the E-BAM measurements over time and the Dylos
detected similar peaks as the E-BAM (Appendix A, Figures 3-8). As can be seen from the
scatterplots, the relationship between the Dylos and E-BAMSs was approximately linear;
however, the Dylos tended to underestimate PM2.s mass at higher concentrations (Figure 4).

To evaluate the relationship between the Dylos conversion over time and the E-BAM
measurements, the differences were plotted as a function of time and fit to a linear regression
(Appendix A, Figure 9). Most sites had slightly negative slopes for the differences, which seems
to point to a gradually increasing underestimation by the Dylos over the 5 months of the study.
This may be due to dust accumulation on the photodiode, which causes the monitors to read
lower. During this study, the Dylos were switched out at these sites when they began reading too
low (consistently under 30 particles per 0.01 ft® in bin 1), but no preventative maintenance was
performed. Based on our experience with the Dylos, a twice-yearly preventative maintenance
would be beneficial.

The intercepts were not uniformly negative or positive, pointing to a site-specific
variation in the Dylos- E-BAM relationship. In particular, the Calipatria site had a —4.1 pg/m®
intercept and O slope, indicating that the Dylos consistently read 4.1 ug/m® lower than the E-
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BAM, and the Seeley site had an intercept of 3.5 pg/m® and a slope of —0.001, indicating that the
Dylos consistently read 3.5 pg/m? higher than the E-BAM. The nonzero intercepts seen at
Calipatria and Seeley may be due to an instrument problem or the placement of the E-BAM and
community monitor at those sites. At Calipatria, the E-BAM was located on a secondary roof
approximately 10 ft higher than the roof on which the community monitor was placed. Whatever
the reason, in future investigations we would like to have an extra Dylos and an extra E-BAM to
move around to different sites during the study period in order to see if shifts like these are due
to instrument specific variations. The use of a rover community monitor to collocate for a period
of time at sites of interest could also be used to verify performance.

It was hypothesized that the relationship between the Dylos and E-BAM might change by
site due to site-specific variations in particle composition. A particle’s optical properties, and
therefore the Dylos response, is dependent upon its composition. This was tested by comparing
the correlation between E-BAM and Dylos mass concentration using the Calexico-Ethel
conversion versus the site-specific conversion (Table 4). The first column lists the R? values for
Dylos PM2 5 mass (Calexico-Ethel model) and E-BAM PM2 s mass. There was heterogeneity
between sites, with R? values ranging from 0.35 to 0.81. The average R? between the Dylos
PM_s mass (Calexico- Ethel model) and E-BAM PMs across all sites was 0.59. The lower R?
values for Kennedy (0.37) and Calexico Alvarez (0.35) were due to the smaller range of mass
concentrations seen at those sites (Figure 4 and Appendix A, Figures 7-8). The R? values for the
four other sites when restricted to concentrations below 93 pg/m?, the maximum concentration
seen at Kennedy and Calexico Alvarez, were between 0.31 and 0.62. The second column
contains the R? values for Dylos PM2.s mass (site-specific model) and E-BAM PMs mass. There
was only a small increase in the correlation (0.01-0.03) for each site when using a site-specific
conversion equation. This suggests that there was only a marginal improvement, if any, to be
gained by employing a site-specific model. To our knowledge, the Dylos has never been
compared with an E-BAM in the literature, but these correlations are within the range of
correlations seen between the Dylos and other reference instruments mentioned previously.

2.3.3 Data Completeness

One of the limitations we encountered in this study was loss of data at some of our
community monitoring sites. Approximately 40% of the Dylos data were lost across the
collocation sites. Data loss occurred due to failure of the Dylos monitor and issues with
instability of Wi-Fi connections, which often caused the microprocessor to freeze and fail to
record data to the onboard SD card. This data loss ranged from <1% to 83% across the six sites
(Appendix A, Table 2). The reason for differing data loss across sites was due to both
environmental conditions and network type. Location was important to data loss because it
determined whether or not the Dylos was exposed to the high-dust conditions that can occur in
the north of the Imperial Valley (Figure 2). Both the Calexico-Ethel site used for the conversion
model and the Calexico Alvarez site, which are located in southern Imperial County, did not
have any problems with the Dylos needing to be cleaned. Three of the sites in the central or
northern part of the valley needed to have the Dylos cleaned one or more times. As for network
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connections, the Calexico-Ethel and Kennedy sites used a cellular modem to upload data and
Seeley and Meadows used Ethernet; both were very reliable and, except for two short network
outages at Calexico-Ethel, experienced basically no data loss. Although each monitor had an SD
card for internal data storage, network outages would cause the microcontroller to crash and
therefore not record any data. This is an issue with the specific type of microcontroller, which is
no longer used in our newer monitors.

Generally, ongoing maintenance has been a recurring issue in the study and will remain
an issue as we try to sustain community-led monitoring in the valley. Our field crew, a single
part-time CCV staff member, has limited resources to dedicate to network maintenance.
However, by implementing cellular connections and a more rigorous maintenance schedule, our
total data loss dropped from 44% to 18% between the study period and 1/1/2017-3/1/2017. This
exceeded our original data completeness goal of 75%.

2.4 Conclusion

Our study illustrates the importance of understanding the performance of low-cost next-
generation air quality monitoring technologies under particular use scenarios. Calibration and
validation of low-cost air monitors with regulatory instruments is crucial to ensure quality data.
This is particularly important for community air monitoring, in which the data are displayed back
to the community members. It should be considered best practice for other communities
engaging in community air monitoring to do similar evaluations if possible.

Furthermore, augmenting basic air monitors with relative humidity data and network
connectivity can allow for more robust conversion from particle count to particle mass and
provide the possibility for real-time data quality control, analysis, and reporting. The results from
this study suggest that measurements from the Dylos monitor, with added RH measurements, are
correlated with multiple reference instruments and can be used for a networked community
monitoring system to augment the existing regulatory network in Imperial County and provide
higher spatial and temporal data, particularly for susceptible populations.

Although we are very clear that our community air monitoring data are nonregulatory, the
interest that we received to collaborate to evaluate new instruments from regulatory agencies,
like CARB, and other academic researchers suggests a desire to understand the performance
limitations and possible use cases of new monitoring approaches. Ultimately, we hope that other
communities and air quality stakeholders will increasingly embrace community-led efforts to
augment regulatory monitoring.
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Table 1. Instrument comparison

Comparisons?

PMz2s Adjusted R? (n)

PM1o Adjusted R? (n)

Dylos ~ FRM Filter (day avg) 0.79 (300) 0.77 (32)
Dylos ~ FEM BAM (day avg) 0.84 (160) 0.87 (168)
Dylos ~ FEM BAM (hour avg) 0.78 (3907) 0.77 (4008)
Dylos ~ FEM BAM + RH (hour avg) 0.81 (3907) 0.80 (4008)
Dylos ~ FEM BAM + Temp (hour avg) 0.81 (3907) 0.81 (4008)
Dylos ~ FEM BAM + RH +Temp (hour avg) 0.82 (3907) 0.81 (4008)

4y ~ x is used to signify a linear model with y = o + B1*X.
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Table 2. Summary statistics for hourly average paired data from E-BAM collocation sites

Site Dylos (ng/m3)? E-BAM (ug/m3)? n
Seeley 10.4 (-3.83t0 191, 9.30) [9.01 (-3t0 261, 11.6) 3140
Kennedy 4.76 (-2.86 t0 50.2, 4.54) 6.47 (-3t0 66,6.99) 529
Westmorland 8.53 (-0.26t0 104, 7.17)  10.1 (-3t0 119,10.4) 842
Meadows 7.31(-3.10t0 301, 13.9)  9.55(-3t0514,20.3) 1951
Calipatria 7.61 (-5.83t0174,12.2) [11.6(-3t0239,15.7) 1688
Calexico Alvarez  13.6 (-1.67t092.8,11.2) [14.1(-3t0 82, 10.9) 1406

gmean (min to max, standard deviation)
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Table 3. Precision and bias statistics for daily paired data from the collocation sites

Number |Collocated Precision |Bias (%0)
Site Sampler Pair |of Pairs CV(%)
Seeley E-BAM-Dylos |124 24.4 28.3
Kennedy E-BAM-Dylos |13 35.2 -6.8
Westmorland E-BAM-Dylos |35 23.5 -7.0
Meadows E-BAM-Dylos |67 24.7 -14.2
Calipatria E-BAM-Dylos |64 175 -31.4
Calexico-Alverez |E-BAM-Dylos |57 25.7 3.0
Average 25.2 -4.7
FRM-FRM
Calexico-Ethel 2015 26 22.8 -
FRM-FRM
Calexico-Ethel 2016 28 8.2 -
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Table 4. Correlation between E-BAM and Dylos PM. s mass concentration using the Calexico-

Ethel conversion and a site-specific conversion

Site n R? (Calexico-Ethel Model) R? (Site-Specific Model)
Seeley 3140 0.63 0.64
Kennedy 529 0.37 0.38
Westmorland 842 0.62 0.67
Meadows 1951 0.75 0.75
Calipatria 1688 0.81 0.83
Calexico Alvarez 1406 0.35 0.36
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Figure 1. (a) Dylos particle counter inside NEMA enclosure. (b) Collocation with regulatory
monitor.

(a) (b)
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Figure 2. Collocations with E-BAMSs were at: (1) Calipatria; (2) Westmorland; (3) Seeley; (4) El
Centro Kennedy; (5) EI Centro Meadows; (6) Calexico Alvarez. Collocation with FEM BAM

and FRM gravimetric samples was at (7) Calexico-Ethel.
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Figure 3. Comparison of Dylos-derived mass concentrations after count to mass conversion and
BAM for (a) daily PM2s and (b) daily PM1o with R?. Dashed line indicates the 1:1 relationship.

(a) Dylos PM, 5 vs. BAM PM, 5 (daily) (b) Dylos PM,g4 vs. BAM PM,, (daily)
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Figure 4. Scatterplots of E-BAM and Dylos conversion with R?.

Dashed line indicates the 1:1

relationship.
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Chapter 3. Land Use Regression for PM2s and PMcoarse in Imperial County, CA using Data
from the Community Air Monitoring Network

Chapter 3.1 Introduction

Both PM2 s (particulate matter less than 2.5 um in diameter) and PMso (particulate matter
less than 10 um in diameter) have been linked to adverse health outcomes such as respiratory and
cardiac disease, asthma, and increased mortality (Anderson et al., 2011; Brook et al., 2017,
Khreis et al., 2017; Atkinson et al., 2016). PMcoarse is the difference between PM1o and PM2s
and as such represents a different size fraction than PMz s, whereas PMzo overlaps with PM2s.
Studying PMcoarse rather than PMyo is therefore useful for understanding sources specifically
associated with larger particle sizes.

PM differs spatially based on proximity to sources and transport. However, the ability to
collect highly spatially resolved PM measurements is often limited by the number of monitors.
This has led to the use of modeling to estimate PM concentrations at locations and, for
temporally varying data, at times when measurements are not available. One technique used to
estimate PM exposure for a population is called land use regression (LUR). LUR involves
modeling PM using a combination of land use variables such as traffic, area of land types, and
distance to known sources. LUR models produce a continuous surface across the study area and
can provide accurate PM exposure estimates (Eftens et al., 2012; Hoek et al., 2008). Eeftens et
al. (2012) used LUR modeling to predict PM2s and PMcoarse across 20 European cities, using the
resulting predicted pollution surfaces to estimate PM exposure for a cohort involved in the
ESCAPE study. Hoek et al. (2008) reviewed 25 studies that used LUR models to predict air
pollution levels including PM. Most studies employed a series of 2-week sampling periods and
estimated annual averages. The authors suggest that continuous sampling could help inform
shorter timescale models.

In this paper, a land use regression model is developed for Imperial County, CA, a rural
agricultural community in Southeast California with a population of around 175,000 (U.S.
Census Bureau, 2010). Imperial County has the second highest rate of childhood asthma
emergency room visits in the state (California Department of Health Services, 2014). The
primary sources of air pollution are wind-borne dust; agricultural burning; mobile emissions
from cars, trucks, and heavy-duty vehicles; and transport from Mexicali, Mexico, a city adjacent
to the US-Mexico border (Imperial County Air Pollution Control District, 2014; California Air
Resources Board, 2015). The land use regression model uses data from the Imperial County
Community Air Monitoring Network (“the network™). The network was created through a
collaboration between a local community group, Comite Civico del Valle (CCV), the California
Environmental Health Tracking Program (CEHTP) of the Public Health Institute, and academics
at UCLA and the University of Washington (English et al., 2017). The network consists of 40
custom air quality monitors with Dylos particle counters, which measure both PM2 s and PMy,
and a relative humidity and temperature sensor. Carvlin et al. (2017) showed an R? between the
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community monitor and regulatory monitors of 0.79 (hourly) and 0.84 (daily) for PM2s and 0.78
(hourly) and 0.81 (daily) for PMyo.

The LUR model described herein used a combination of land use variables and
meteorology. Leave-one-out cross-validated root mean square error (RMSE) was used to
compare between four different model types. After the model was selected, variable importance
statistics were calculated. The goal of this LUR model was to create a 2D air pollution surface at
the monthly scale for both PM2s and PMcoarse. The predictions were compared to PM
measurements made by regulatory models as an independent test of the LUR model.

Chapter 3.2 Materials and Methods
Chapter 3.2.1 Model Building

Community monitoring PM2.s, PM1o, relative humidity, and temperature data from 35
sites for a 12-month period, 10/1/2016 to 10/1/2017 (month/day/year), were used in the
following analyses. The PM data were converted from particle counts to particle mass as
detailed in Carvlin et al. (2017). However, the conversion equation was updated using data from
the Calexico-Ethel site for the 12-month study period. The previous PMio conversion equation
used data from 1/15/2016 to 7/12/2016. The conversion constants used in this paper are PMao: €1
=9.35, ¢ = 0.216, c3 =-0.344 and PM_5: ¢1 = 5.41, ¢ = 0.00831, c3 = -0.224. PMcoarse Was
calculated as PM1o — PMz2s.

As a part of the conversion process data were run through an automated quality control
(QC) process; hours with less than 75% of data and data with particle counts less than 30 in
Dylos bin 1 were discarded. After the automatic QC, a manual QC process was performed to
identify time periods when the monitor response was slowly attenuated due to incremental dust
build-up on the photodiode and when the monitor readings were oscillating rapidly between high
and low, which resulted in a further 1.2% of data being dropped. The conversion equation can
produce negative numbers, which were used as is in the following analyses unless otherwise
noted. Hourly PM2s and PMcearse data were averaged to monthly data using a 50% data
completeness cutoff. This left a total of 207 monthly data points across 33 monitors. Each
monitor had 6 months of data on average, however some monitors had only a few months. The
monitors that had the least amount of data were those near the Salton Sea. These monitors have
poor cell reception and are subject to harsher environmental conditions, which leads to lower
data completeness.

Regulatory data were downloaded from the California Air Resources Board (CARB)
website. The regulatory network consists of five sites located near population centers in Imperial
Valley that have Met One 1020 PM1 beta attenuation monitors (BAMs) (California Air
Resources Board, 2017). Two of these sites also have Met One 1020 PM2s BAMs. There are
also five sites located around the Salton Sea that are operated by the Imperial Irrigation District
that have PM2s and PM1o Thermo Fischer Scientific Series 1405-D tapered element oscillating
microbalances (TEOMs) (Imperial County Air Pollution Control District, 2010). These sites
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were set up to monitor emissions from the Salton Sea as it recedes due to changes in water rights
that have reduced the agricultural runoff that has kept the sea from evaporating. Only QC
screened data were used. Values greater than 985 pg/m® for BAMs were excluded since this is
above the range of the instrument (p. 7 and 41, Met One, 2008). No upper cutoff was used for
TEOM measurements since all values were within the instrument range (p. 1-4, ThermoFisher
Scientific, 2008). All negative values from regulatory instruments were kept as is, and were
included in the analysis.

Land use variables and community monitor locations were loaded into ArcGIS (ESRI, v.
10.3.1). 250m, 500m, and 1000m buffers were created around each monitor. Land use
parameters were sampled within each of these buffers. GIS and meteorological variables are
listed in Table 5 along with their source, date, buffers, and averaging period. All data
manipulation and analyses were performed using R statistical software (v. 3.3.3).

Agricultural burning records were received from the Imperial Air Pollution Control
District. Acres burned was recorded on the daily level. This information was added to the
model as acres burned within 5 km of a monitoring site within the last day. When multiple burns
were recorded within 5 km of a site they were summed.

Other GIS variables were considered but rejected since all monitors had the same value
or nearly the same value for that variable. Dropped variables included indicators of industrial
PM emissions since none of our monitors were located near industrial sites that had permits to
release PM. Satellite PM2s was included, but was not predictive, perhaps because the data were
15 years old and satellite measurements are known to not perform well in desert areas.

Meteorlogical data completeness was less than ideal, especially for planetary boundary
layer height. Because the models require a complete dataset hours that did not have
meteorlogical data were dropped. This resulted in a limited amount of complete hours for
October and November 2017 and therefore they are not included in the monthly and yearly PM
maps.

Some monitors have buffers that cross the US-Mexico border. However, we had no land
use data for Mexico. If only the US side of the land use was used, then the true value of that land
use would be underestimated. To adjust for this, the percent area of the buffer within Mexico
was recorded for each site. Then the variables were multiplied by 100/(100 - % area), which
gives the land use for the whole buffer assuming the same distribution in Mexico as in the US.

Land use variables were converted from continuous to categorical or binary. This was
done because the monitors do not cover the range of land use seen throughout the valley; in
particular the range of land use sampled by the grid of points used for prediction, the fishnet.
Therefore, if linear extrapolation were used then the fishnet predictions failed, becoming
extremely small or large. Histograms of each variable were analyzed to determine whether the
variable should be converted to binary or categorical. All categorical variables were given three
categories. The cut point for the binary variables was the first quartile. Most of these variables
had nearly all of the measurements around zero and just a few at much higher values. The cut
points for the categorical variables were the first quartile, the median, and the third quartile.
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After conversion from continuous to categorical and binary the fishnet predictions were much
closer to the range of the monitoring measurements. However, the choice of cut points is
dependent on the data and therefore limits the more general application of the models developed
in this paper.

Three alternative models were considered. Categorical variables were converted to
binary variables for use in models which cannot process categories. The models were a Bayesian
additive regression trees (BART) model, a lasso model, and a partial least squares model (PLS).
PLS is a modeling technique that reprojects the data in order to find the dimension in the input
variable space that explains the most variance in the outcome. PLS has been used in PM
modeling, in particular when there are a large number of variables (Sampson et al., 2013). Lasso
is a penalized least squares method that reduces the number of variables in the model based on
an alpha parameter. This parameter is chosen based on cross-validated testing. Mercer et al.
(2011) and Knibbs et al. (2014) used lasso to help reduce the number of variables in PM LUR
models. BART is a model sums individual regression trees using a Bayesian approach
(Chipman, George, & McCulloch, 2010). It has been used to predict torrential rain and
avalanches, and to relate vehicle trip duration to household characteristics (Wu, Huang, & Pan,
2010; Blattenberger & Fowles, p. 211-227, 2014; Chipman et al., 2010).

Models were compared by leaving out one site at a time and calculating the RMSE at that
site using the rest of the sites. For each model, the RMSE was averaged across all sites. BART
was found to be the best performing model for PM2s and PMcoarse. A Vvariable selection test for
these models was performed to identify which variables had the most impact on the model. The
variable selection for the BART models was done by dropping one variable at a time from the
model and calculating the test R2. The variables that led to the largest decrease in R? were those
that had the most impact on the model. The 10 most important variables for the PM2 s and
PMcoarse models were compared. In order to compare variable selection stability across models
the top 10 BART and lasso variables were compared. Lasso variables were selected based on
their standardized coefficient values, corrected by their standard deviations.

Chapter 3.2.2 Prediction

The same steps described in the Model Building section were followed for a grid of
points, the fishnet, equally spaced 1 mile apart across all of Imperial County; i.e. sampling GIS
parameters within buffers at each grid point, finding the nearest meteorological data, etc.

The BART models were used to predict monthly PM2s and PMcoarse CONCentrations on the
fishnet points. The residuals of the PM2s and PMcoarse BART models were kriged and added to
the model predictions before mapping. This helped the model account for purely spatial
variability. These combined PM levels, at both the monthly and study-average timescale, were
kriged and a 2D surface was created and compared to kriged PM measurements.

The fishnet predictions were then compared to regulatory PM concentrations. The
fishnet point closest to the regulatory site was chosen for comparison. The longest distance

31



between a fishnet point and a regulatory site was <1km. Model predictions and regulatory
measurements were compared using R? and RMSE on the monthly and yearly timescales.

Chapter 3.3 Results and Discussion

Table 6 presents summary statistics for the community monitors averaged over the 40
sites in the network compared to the regulatory monitors. Regulatory sites are located to provide
coverage of populated areas in the Imperial Valley as well as to monitor the air quality around
the Salton Sea and consist of a mix of BAM and TEOM instruments (California Air Resources
Board, 2017). High hourly PM2s and very high hourly PM1o and PMcoarse Values were seen by
both the community monitors and the regulatory monitors. The community monitors produced a
similar county average to the regulatory monitors for PM2s. However, the community monitors
measured slightly lower PM1o and PMcoarse.

Table 7 shows the result of the modeling process for PM2s. RMSE and R? are averaged
across all of the leave-one-site-out variants. The lasso model chose 47 variables and the PLS
model chose 24 variables. In terms of RMSE, Lasso and PLS performed similarly and BART
performed the best. The average RMSE between model predictions and the test set ranged from
1.50 to 1.79 pg/m®. Model R? values did not follow the same order as model RMSE. PLS had
the highest R? (0.54) followed by PLS and BART (0.54 and 0.47 respectively). RMSE was used
to select the top performing model since lower prediction error was deemed more important than
linearity. Also, there were a variable number of months of data for each site and low sample size
can dramatically change R?, especially when the range of the data is small. BART was chosen as
the top performing model based on RMSE.

The results of the modeling process for PMcoarse are presented in Table 8. Lasso chose 40
variables and PLS chose 7 variables. Lasso and PLS performed similarly and BART performed
the best. The average RMSE for PMcoarse models ranged from 9.14 to 12.30 pg/m®. Model R?
values followed the order of model RMSE for PMcoarse. The R? value for the PMcoarse BART
model was 0.65.

Looking to the literature, PM LUR models have shown variable performance depending
on model location and variable selection. The PM2s LUR models developed in Eeftens et al.
(2012) had validation R? values, comparing the model to validation data, of 0.21 to 0.78 with a
mean of 0.59. Hoek et al. (2008) compared PM s LUR models from eight different studies and
found model R? values, comparison of model performance without external validation data, of
0.17 to 0.73 with a mean of 0.52 and RMSE values of 1.1 to 2.3 pug/m?® with a mean of 1.5 pug/m®.
All of these models produced annual averages of PM2s and therefore are not directly comparable
to the monthly models described in this paper. That said, the R? and RMSE values for the PM25
models presented in this paper are within the range of the annual models found in the literature.

Eeftens et al. (2012) created PMcoarse LUR models for 20 European cities as a part of the
ESCAPE project. The range of validation R? seen across the 20 models was 0.03 to 0.73, with a
median R? of 0.57. Wolf et al. (2017) used the ESCAPE data to create finer spatial resolution
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PMcoarse LUR models for Germany, which had a validation R? of 0.49. Eeftens et al. (2016)
modeled PMcoarse Using a LUR model for eight areas in Switzerland. The average validation R?
was 0.38. These studies were also annual averages. In general, PMcoarse LUR models seem to
have similar or slightly lower performance compared to PM2s5 LUR models. The PMcoarse
models presented in this paper have R? values in the range of the annual models found in the
literature.

Table 9 shows the results from the variable importance test for the PMz.s and PMcoarse
models. The top variable for the PM2.s model is relative humidity and the top variable for the
PMcoarse model is temperature. These variables vary monthly and are likely accounting for
seasonal patterns. It should be noted the relative humidity may have a confounding effect since
it was used to correct the Dylos measurements and was used in the model. However, the relative
humidity data used in the model was a monthly average. The PM2s model places more emphasis
on meteorological variables, such as wind direction, wind speed, and planetary boundary layer
height, and location while the PMcoarse model places more emphasis on land use variables for
farmland, native vegetation, and roads. The California Department of Water Resources defined
native vegetation as all desert land and non-riparian land near bodies of water.

For PM2s, the lasso model chose land use variables that represented nearly all categories
of land use as well as a variable representing railroad length, whereas the BART model put more
emphasis on meteorological variables. For PMcoarse, the lasso model and BART models chose
similar variables with more emphasis on land use in the lasso model and more emphasis on
transportation in the BART model. The PMcoarse lasso model also did not have any
meteorological variables.

Figure 5 shows the kriged study-average residuals from the PM2s and PMcoarse models.
The PM25 model underpredicted PM (-2.0 to -1.4 pg/m®) in the area the west of the Salton Sea
and overpredicted PM (0.3 to 1.3 pg/m?) in the area east of the Salton Sea. The PMcoarse model
underpredicted PM (-19.4 to -12.6 pg/m?®) in the area west of the Salton Sea. The PMcoarse model
overpredicted PM (1.2 to 4.0 ug/m®) in area east of the Salton Sea and in the south of Imperial
Valley. Moran’s I was used to see if there was spatial correlation in the residuals by month.
PM2 had two months where p < 0.05, May and August 2017, and PMcoarse had three months
with p < 0.05; January, July, and August 2017.

The average measured PM. s over the study period is shown in Figure 6a and the average
predicted PMzs in Figure 6b. The predicted PM2s map is a combination of the PM2.s model and
the kriged PM2 s residuals. The spatial structure of the predicted PM2.s map matches that of the
measured PMzs map. The highest average PM: levels were near the US-Mexico border and to
the west of the Salton Sea near Salton City. This does not mean that the highest PM2 s peaks
were at these locations, only that the model predicted higher average PM2s. Low PM2 s regions
appeared primarily to the east of the Salton Sea. The predicted PM2s map is biased low
compared to the measured PM2s map.

Figure 7a shows the average measured PMcoarse and Figure 7b shows the average
predicted PMcoarse OVer the study period. The predicted PMcoarse map is a combination of the
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PMcoarse model and the kriged PMcoarse residuals. The spatial structure of the PMcoarse map differs
slightly from the measure PMcoarse map in that the predictions are lower to the southeast of the
Salton Sea and higher in the southeast portion of the Imperial Valley. The highest PMcoarse to the
west of the Salton Sea and the area east of the Salton Sea had low PMcoarse cONcentrations. The
predicted PMcoarse map is biased low compared to the measure PMcoarse Map.

Maps of measured and predicted monthly PM2 s are displayed in Figure 8. Only monitors
that had data for that month were used in each monthly map. There was not enough data to
create maps for October and November 2016. The predicted PM2.s map is a sum of the PM2s
model and the kriged PM2 s residuals. The monthly PM2 s predictions are spatially similar to the
monthly PM2s measurements, however the predictions are biased low. The highest PM.s
concentrations were seen in December 2016 and April through July 2017. PM2s was high near
the US-Mexico border throughout the year. PM2s was high in the center of Imperial Valley near
the city of Brawley in May 2017.

Figure 9 shows maps of monthly measured and predicted PMcoarse. The predicted PMcoarse
map is a sum of the PMcoarse model and the kriged PMcoarse residuals. There was good spatial
agreement between the PMcoarse measurements and predictions, however the predictions were
biased low. The highest PMcoarse Was seen around Brawley in May 2017 and in the southeastern
part of Imperial Valley in September 2017.

Table 10 shows summary statistics comparing the fishnet predictions and data from the
regulatory monitoring network for monthly and yearly averages. The yearly RMSE was 3.2
pg/m? for PMz2s and 17.7 pg/m? for PMcoarse.

Chapter 3.4 Conclusion

This paper helps to elucidate the effect of meteorological and land use parameters on
particulate matter in Imperial County. The variable selection process pointed to seasonality, as
measured by relative humidity; meteorology; and length of roads as prime drivers in monthly
PM2s. Important variables for monthly PMcoarse Were seasonality, based on temperature; land use
variables for farmland; and length of roads. The predicted PMcoarse map showed areas of high
PMcoarse around Brawley and to the west of the Salton Sea. The predicted PM2s map showed
high levels in a large area near the US-Mexico border and to the west of the Salton Sea. This
may point to agriculture as a potential source of PMcoarse, Cross-border transport as a potential
source of PM2 s, and windblown dust as a source of both sizes of PM.
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Chapter 3: Figures and tables

Table 5. Model variables

Data Source Date Buffers (m) Averaging
Period
latitude, calculated
longitude
distance to the calculated
border, Salton
Sea
urban, types of | Agricultural 1997, 2012 250, 500, 1000
farmland, types | Land Use
of crops, native | Survey
and riparian (California
vegetation (area) | Department of
Water
Resources),
Farmland
Mapping and
Monitoring
Program
(California
Department of
Conservation)
small roads, TIGER/Line (US | 2013 250, 500, 1000
large roads, Census Bureau)
railroads (length)
traffic California 2013 250, 500, 1000 | annual average
Department of of traffic counts
Public Health
agricultural Imperial Air study period sum within 5km | daily
burning (acres) | Pollution
Control District
RH, temperature | community study period hourly
monitors
wind direction, | nearest study period hourly
wind speed government
monitor (CARB)
planetary RAP 130 study period hourly
boundary layer | (NOAA)
height
Sattelite PM2s Randall Martin, | 2002-2004 3-year

Dalhousie
University




Table 6. Descriptive statistics for PM2s, PM1g, and PMcoarse

Statistic? PM2s (Lg/m?) PMuo (pg/m?) PMecoarse (1g/m?)
Dylos Govt Dylos Govt Dylos Govt
Min -6.5 -3.0 -7.7 0.9 -22.2 -5
Median 6.4 6.8 23.9 29.4 17.1 21.0
Mean 7.9 7.8 324 37.5 24.3 28.2
Max 52.3 149.4 1523.1 739.0 1109.5 780.0

&Matched hourly values averaged across all sites during the study period
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Table 7. Model selection PM25

Model R? RMSE
PLS 0.54* [1.79
Lasso 0.51 1.70
BART 0.47 1.50
@The PLS model was not able to run for every site. Sites that could not run were dropped.




Table 8. Model selection PMcoarse

Model R?2 RMSE
Lasso 0.55 11.75
PLS 0.59% [11.48
BART 0.65 8.07

#The PLS model was not able to run for every site. Sites that could not run were dropped.



Table 9. Variable importance

PMZ.S PMcoarse
Rank | Name Percent Name Percent
Difference in R? Difference in R?
(%) (%)
1 Relative humidity 16.1 Temperature 14.5
2 Wind speed 5.7 Area of native 8.4
vegetation, bottom
tertile, 250m
3 Wind direction, east | 5.5 Area of fallow 6.8
farmland, bottom 50%,
1000m
4 Wind direction, 4.4 Length of large roads, |6.6
northeast top tertile, 250m
5 Length of large 3.8 Area of good farmland, |6.3
roads, middle tertile, top tertile, 250m
1000m
6 Area of urban land, 3.7 Area of prime 6.2
top tertile, 500m farmland, middle
tertile, 1000m
7 Area of grain/hay 3.6 Length of railroads, 5.8
crops, bottom tertile, bottom 50%, 1000m
500m
8 Planetary boundary 3.4 Area of field crops, 5.6
layer height bottom tertile, 500m
9 Longitude 3.3 Length of small roads, |5.6
top tertile, 250m
10 Length of small 3.3 Length of large roads, |5.5
roads, top tertile, middle tertile, 2000m
1000m

aThe difference in test R? for a model that drops the selected variable compared to the model
with all variables.
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Table 10. Comparison of predictions with regulatory monitors, by monitor

PM2.5 PMcoarse

R? RMSE |R? RMSE

Monthly (0.14 3.6 029 |17.7

Yearly 051 (3.2 036 |16.3




Figure 5. (a) PM2 s residuals; (b) PMcoarse residuals
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Figure 6. (a) Measured Average PM:s; (b) Predicted Average PM2.5
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Figure 7. (a) Measured Average PMcoarse; (b) Predicted Average PMcoarse
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Figure 8. Monthly a) measured PM2 s and b) predicted PM2 5
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Figure 9. Monthly a) measured PMcoarse and b) predicted PMcoarse
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Chapter 4. Back Trajectory Analysis of Particulate Matter Using the Imperial Community
Air Monitoring Network

Chapter 4.1 Introduction

Imperial County is a primarily Hispanic community in the southeast corner of California
with high rates of poverty and childhood asthma (U.S. Census Bureau, 2010; Imperial County
Asthma Profile, 2015; California Department of Health Services, 2007). The Robert Wood
Johnson Foundation (2015) ranked Imperial County as the second worst county in California for
health, based on factors such as socioeconomic status, clinical care, and health behaviors.
Concentrations of particulate matter (PM), a mix of liquid and solid particles in the air, in
Imperial County have exceeded US EPA regulatory standards for PM1o (particulate matter with a
diameter less than 10 um) and PM2 s (particulate matter with a diameter less than 2.5 um) for
nearly a decade (California Air Resources Board, 2015; Imperial County Air Pollution Control
District, 2014). Exposure to PM has been associated with many health outcomes including low
birth weight, cardiovascular disease, childhood asthma, and premature death (Anderson et al.,
2011; Brook et al., 2017; Khreis et al., 2017; Atkinson et al., 2016).

Significant sources of PM2s and PMyo internal to Imperial County include unpaved roads
and fugitive windborne dust (Imperial County Air Pollution Control District, 2009 & 2014).
Agriculture, including tilling, cattle feedlots, and field burning, also contributes to PM in
Imperial County. External sources include transport from Mexicali and San Diego and Tijuana
(Mendoza, Pardo, & Gutierrez, 2010; Imperial County Air Pollution Control District, 2014).

PMcoarse, the difference between PM1o and PM2s was used in this paper instead of PM1o
since PMcoarse does not overlap with PM2s. Since PMcoarse IS @ Separate size fraction of PM than
PM:s, and oftentimes has a different source profile (Eeftens et al., 2012).

The Imperial Community Air Monitoring Network, referred to hereafter as “the Imperial
network™ or simply “the network”™, is comprised of 40 air pollution monitors that measure PMa2s
and PMyo, relative humidity, and temperature in real time. The real-time data from the network
is displayed on a community created and operated website, IVAN air: https://ivan-
imperial.org/air. The network was created as a collaboration between a local community group,
Comite Civico del Valle, the Public Health Institute, and academics at the University of
Washington and the University of California at Los Angeles in response to community concerns
over high PM levels in the valley and a desire for more spatially resolved data. A detailed
description of the network and the calibration of the community monitors is presented in Carvlin
etal. (2017).

This paper uses data from the Imperial network and back trajectory modeling to
investigate the contribution of internal and external sources to air pollution in Imperial. Particle
back trajectories, paths that particles may have taken to arrive at a receptor location, were
calculated using the Hybrid Single Particle Lagrangian Trajectory (HYSPLIT) software and
Global Data Assimilation System (GDAS) 1° wind field data from the Air Resources Laboratory
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(ARL) at the National Oceanic and Atmospheric Administration (NOAA). HYSPLIT back
trajectories have been used previously to determine the contribution of cross-county and cross-
border transport to air pollution levels in Southern California and Mexico (Mendoza, Pardo, and
Gutierrez, 2010; Shores et al., 2013). Mendoza, Pardo, and Gutierrez (2010) used HYSPLIT
back trajectories to explore the contribution of long range transport to PM2 s concentrations in
Mexicali during a winter and spring monitoring period in 2004/2005. They found that during the
spring, trajectories often crossed through San Diego and Tijuana on their way to Mexicali. But
during the high PM episode in the winter, the trajectories were coming from all directions.
Shores et al. (2013) studied black carbon (BC) emissions and long-range transport from Tijuana
using HYSPLIT. They concluded that BC from Tijuana could be a contributing factor to high
PM in Calexico and Mexicali.

This paper presents analyses using gridded HYSPLIT trajectories. The difference in
trajectory paths between high PM hours and median PM hours was investigated to determine
what wind directions and specific locations might contribute to high PM. A grid was placed
across Imperial County to identify points where an air parcel is more likely to pass on a high PM
day compared to a median PM day. Polar plots were created to look at the combined effect of
wind speed and wind direction on PM levels during summer and winter.

Chapter 4.2 Materials and Methods

PM25 and PMcearse cOnverted hourly mass concentration data from 10/1/2016 to
10/1/2017 (month/day/year) were used in this analysis. PMcoarse Was calculated as the difference
between PM1o and PM2s. All analyses were done using the GMT time zone. See Carvlin et al.
(2017) for an explanation of the conversion equation. 24-hour back trajectories were calculated
using HYSPLIT for PM2s and PMcoarse hourly measurements. Back trajectories were split up
into very high, the top 0.1% of data across all sites, and high, the top 5% of data across all sites.
High PM2s hours were above 25 pg/m?® and very high PMzs hours were above 100 pg/m®. High
PMooarse hours were above 78 pg/m3 and very high PMcoarse hours were above 1.3 mg/m?. For all
back trajectories, the starting height was set at 5 m, the average height of the air pollution
monitors. GDAS 1° wind field data from NOAA were used as meteorological inputs. Less than
1% of hours could not be run because there was no GDAS wind data for that location and time.

The number of high and very high PM hours, average hourly wind direction and average
hourly wind speed were calculated by meteorological season. The wind data for these summary
statistics was recorded by the California Air Resources Board at their EI Centro monitoring site.
The geographic distribution of high and very high hours is discussed.

Matched median 24-hour back trajectories were created for the grid trajectory analysis.
Median PM hours were chosen so that there would be the same number of trajectories at each
site for both the median and high runs. This was done to ensure that there could be fair
comparison between median and high/very high trajectories. If one site records high PM levels
more often than other sites and there is not a similar number of median trajectories, then the
location of that site will show up with a high density on the grid analysis. All very high
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trajectories were matched successfully. Two sites, Calexico-Alvarez and Mexicali, had a large
number of high trajectories, possibly because the PM distribution at those sites was shifted
higher than at other sites, and matches were not able to be found for approximately 3% of the
high trajectories from those sites.

All trajectories were plotted and typed. Trajectory “typing” refers to assigning cardinal
directions to the trajectories, which was done by finding the mean latitude and longitude for the
trajectory, then finding which of the sixteen cardinal directions it lay between. Trajectories that
lay within 10 km of Imperial County were given a separate type. The number of each trajectory
type was compared between high/very high and median trajectories for PM2s and PMcoarse.

A gridded trajectory comparison was performed. A 0.1° x 0.1° grid was placed across
the southwestern United States and northeastern Mexico to cover the extent of most of the
trajectories. The length of median trajectories and high trajectories within each grid cell was
recorded. Median trajectories represent background wind patterns therefore, to get the length of
high trajectories above background, the length of median trajectories was subtracted from the
length of high trajectories. If this value was below 0 it was set to NA, indicating the absence of a
value. The values were then normalized to a 0-1 scale. Values that were exactly zero were set to
NA as well so as not to cover much of the map with white squares, thus increasing
interpretability. The result is a map showing the locations, grid cells, where wind is more likely
to pass through when that air parcel results in high PM conditions in Imperial County.

Polar plots, graphs that display wind speed, wind direction, and PM, were created to look
at the effect of wind speed and wind direction on PM. Brawley and Calexico were compared
during winter and summer months and the potential sources leading to high values were
discussed.

In order to assess the uncertainty in the trajectories an ensemble method was applied to a
randomly selected 10% subset of all trajectories. An ensemble of trajectories is a group of
trajectories that is created by shifting the starting point of the original trajectory. For this
analysis, the ensemble consisted of the original trajectory plus 9 other trajectories that had their
starting point shifted by a certain amount. Four of the shifted trajectories were run at the height
of the original trajectory, 5 m, and were shifted from the origin point by +/- 1 km latitude and
longitude. The other five trajectories were run at 100 m. These consisted of the latitude and
longitude of the original point with a height of 100 m and that point shifted by +/- 1 km latitude
and longitude. This shifting of the starting point helps to assess the effect of uncertainties in the
1° wind field data. If there is a large difference in the path between the original trajectory and
the trajectories with the shifted starting points, then we know that the original trajectory is
sensitive its meteorological input.

In order to quantify the average spread of the trajectory ensemble, the distance between
the furthest shifted trajectories and the original trajectory a trajectory envelope was calculated.
The trajectory envelope can be visualized as a sort of cone extending from the origin point
backwards in time towards the final trajectory point 24 hours prior to the start. The envelope is
the average 3-dimensional distance between the original trajectory and the 9 shifted trajectories
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and is calculated for each hour of the 24-hour back trajectory. The trajectory envelope was used
to test the validity of the trajectory typing analysis by comparing the average width of the
trajectory envelope to the width of a trajectory type. HYSPLIT ensembles have been used in the
literature for both dispersion models and trajectory models to estimate uncertainty (Stein, 2007;
Stein, 2015; Draxler, 2003).

Chapter 4.3 Results and Discussion
Chapter 4.3.1 Seasonality and Geographic Distribution

Hours with high PM2.s occurred more frequently during the winter (11% of all winter
hours) and less frequently during the summer (2% of all summer hours) (Table 11). Hours with
high PMcoarse 0OCcurred more often in the fall (7% of all fall hours) than the spring and winter (5%
each) and the summer (3%). Very high PM2s occurred more frequently in the spring and winter
compared to the summer and fall. Very high PMcoarse had a similar pattern to very high PM2s.
Sites near the US-Mexico border had more high PM2s hours. High PMcoarse hours were
concentrated near the US-Mexico border and around Brawley. Sites in Brawley, in the center of
the Imperial Valley and sites on the west and north of the Salton Sea recorded more very high
PM25 and PMcoarse hours.

Average wind speed was highest in the spring (2.4 m/s) and lowest in the winter (1.7 m/s)
(Table 12). The hourly wind direction was primarily from the west and northwest during the
spring, fall and winter (55-62% of all hours). The wind was calm, less than 0.5 m/s, for 11% of
hours during the winter. During the summer hourly winds came from the southeast (28% of all
summer hours), west (20%), and north (18%).

Chapter 4.3.2 Trajectories

The trajectory images show a randomly selected subset of 100 trajectories for that class
(Figure 10). Median PM2s and PMcoarse trajectories seemed to have no obvious directionality.
High PM2 s trajectories were denser in the west. High PMcoarse trajectories were clustered in the
west, north, and south.

The ensemble testing resulted in an average uncertainty of 11°, which is only half the
angle of a single directional type. High PM hours had similar trajectory patterns for both PM2s
and PMcoarse (Table 13). Median PM hours also had similar trajectory patterns for both PM2 5
and PMcoarse. High and very high PM were associated with trajectories from the west while
median PM levels were associated with trajectories from inside Imperial County and less so with
trajectories from the north and west. PMcoarse Was associated with trajectories internal to Imperial
County more than PM3s.

For PMcoarse, Wind came more frequently from WNW-NW (21% more) and W-WNW
(12% more) on very high PM hours compared to median PM hours and less frequently from
inside Imperial County (19% less) and NNW-N (6% less). High trajectories led to similar but
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less pronounced results. For PM2s, wind came more frequently from WNW-NW (21% more)
and W-WNW (12% more) on very high PM hours compared to median PM hours and less
frequently from inside Imperial County (25% less) and SSW-SW (5% less). These differences
were similar but less pronounced for high trajectories except there was a 6% increase when wind
came from SSW-SW instead of a decrease. These results suggest that very high PM was driven
primarily by westerly winds.

Chapter 4.3.3 Grid Analysis

The grid maps show the locations where wind is more likely to pass through when that air
parcel results in high PM conditions in Imperial County. For PMas, on the larger scale, grid cells
that led to high PM were located near San Diego and the area between Mexicali and Tijuana
(Figure 11a). On the smaller scale, areas that led to high PM included the US-Mexico border, in
particular near the western edge of Imperial County, and the west side of the middle of Imperial
County (Figure 11b). For PMcoarse, ON the larger scale, areas that led to high PM included San
Diego/Tijuana, the western part of Imperial County, the area from Mexicali to the Gulf of
California, and north of Imperial County (Figure 12a). On the smaller scale, areas that led to
high PM were spread out throughout Imperial County, particularly near Brawley and the US-
Mexico border (Figure 12b).

The grid maps look different for PM25 and PMcoarse. Areas that led to high PMa2s were
focused mainly near the US-Mexico border and western Imperial County whereas areas that led
to high PMcoarse Were spread throughout Imperial County. Clusters of grid cells that led to high
PM on the larger scale were more prominent in the south and north for PMcearse and in the west
for PM2s.

Chapter 4.3.4 Polar Plots

Figure 13 shows three polar plots, graphs which show the effect of wind speed and wind
direction on PM. Wind direction is indicated by the X and Y location of the point cloud. Wind
speed is indicated by the distance from the center point. Pollution level is indicated by the color
scale. These maps show where pollution may have come from an hour before it arrived at the
receptor. For example, a red point on the 10 m/s circle corresponds to an air parcel traveling at
10 m/s for an hour and having high PM concentration when it arrives at the receptor. Figures
13a and 13c are an average of all sites in Calexico and Figure 13b is an average of all sites in
Brawley. There was not enough data from Brawley during the summer to create a polar plot.
The PM scale is slightly different between the plots because of the range of PM concentration
differs by location and season. The radius of the wind speed markers may be slightly different
due to how the software interprets the different data sets. This was corrected for as much as
possible.

High PM2s levels in Brawley during the winter were associated with moderate wind
speed, 5 to 10 m/s, and a S-SSE wind direction and a W-SW wind direction; and low wind
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speeds, 2 to 3 m/s, and a certain small area NNE-NE of Brawley. The W-SW wind direction and
moderate wind speed could be related to windborne dust from the nearby desert. The S-SSE
wind direction and moderate wind speed suggests a source near the US-Mexico border. The low
wind speed and NNE-NE direction may point to a nearby source of agricultural burning or other
local emissions. High PM2 ;s levels in Calexico during the winter were associated with high wind
speeds, 12 to 15 m/s, and a W-WSW wind direction. High speed W-WSW winds may be
associated with windborne dust. Moderately high PM_s concentrations from 40 pg/m3 to 65
ug/m3 were associated with low wind speed and no prominent wind direction. High PM25 levels
in Calexico during the summer were associated with low wind speeds, 3-5 m/s and a S wind
direction. This suggests Mexicali as the main source.

Figure 14 shows four polar plots for PMcearse at Brawley and Calexico. Note that the PM
scale is different between the plots. There is higher maximum PMcoarse in the winter than the
summer and at Calexico than Brawley. High PMcoarse levels in Brawley during both the summer
and winter were associated with moderate wind speed, 5 to 10 m/s, and a W-SW wind direction;
low wind speeds, 3 m/s, and a N-NE wind direction. The W-SW wind direction and moderate
wind speed suggest windborne dust from the nearby desert as a possible source. The low wind
speed and N-NE direction may point to a nearby source of agricultural burning. In the winter
high PMcoarse levels in Brawley were also associated with moderate wind speed, 7 to 10 m/s, and
a S-SSE wind direction. This may suggest transport from Mexicali as a possible source. High
PMcoarse levels in Calexico were associated with moderate to high wind speeds, 13 to 15 m/s, and
a W-WSW wind direction during the winter and low wind speed, 3 to 5 m/s, and a S wind
direction during the summer. High speed W-WSW winds may be associated with windborne
dust and low speed S winds may be associated with transport from Mexicali.

Chapter 4.4 Conclusion

Data from the Imperial Community Air Monitoring network were used to map the effects
of wind direction and wind speed on PM in Imperial County. These results suggest potential
sources and meteorological conditions that contribute to high and very high PM. Air parcels
were more likely to pass through the western and southwestern part of Imperial County when
leading to high compared to median levels of PM. High PM in Brawley, in the middle of
Imperial County, was linked with high speed winds from the west and south and low speed
winds from the northeast. High PM in Calexico, on the US-Mexico border, was associated with
high speed westerly winds and low speed southerly winds. It is possible that the high PM from
the high speed westerly winds was caused by windborne dust. The high PM associated with low
wind speed conditions in Calexico and high speed southerly winds in Brawley may be linked to
transport from Mexicali. The low wind speed high PM hours near Brawley were likely
influenced by nearby sources such as agricultural burning and traffic.
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Chapter 4: Figures and tables

Table 11. High and very high hours by season?

Spring Summer Fall Winter Total
PMzs High 2255 (3%) 911 (2%) 2295 (3%) 6750 (11%) 12,211
PMecoarse High 3257 (5%) 1853 (3%) 4246 (71%) 2855 (5%) 12,211
PMzs Very High 134 (0.2%) 2 (0.003%) 34 (0.06%) 75 (0.1%) 245
PMecoarse Very High | 131 (0.2%) 8 (0.01%) 26 (0.05%) 80 (0.1%) 245

& Statistics are: number of hours (percent of hours in that season that are high/very high)



Table 12. Wind speed and direction by season

Wind Speed (m/s)

Wind Direction

Spring 2.4 west (49%), northwest (13%), southwest (11%)
Summer 2.0 southeast (28%), west (20%), north (18%)

Fall 1.8 west (42%), northwest (13%), southwest (11%)

Winter 1.7 west (37%), northwest (12%), calm — no direction (11%)
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Table 13. Trajectory quadrants

High Trajectories Very High Trajectories

Top Second Third Top Second Third
Elevated WSW-W |W-WNW |IC? (14%) |W-WNW |WNW-NW |WSW-W
PMcoarse (21%) (15%) (29%) (24%) (23%)
Median IC (18%) |W-WNW |NNW-N IC (27%) |WSW-W W-WNW
PMcoarse (15%) (14%) (21%) (17%)
Elevated WSW-W  |[W-WNW  WNW-NW 'WSW-W  W-WNW WNW-NW
PMzs (21%) (24%) (22%) (31%) (24%) (22%)
Median IC (21%) |NNW-N |W-WNW |IC (29%) 'WSW-W  W-WNW
PMzs (16%) (13%) (20%) (18%)

IC = inside Imperial County
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Figure 10. Trajectory images for a) the top 5% of PM2 s trajectories; b) the middle 5% of PM2s
trajectories; c) the top 5% of PMcoarse trajectories; d) the middle 5% of PMcoarse trajectories
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Figure 11. PM2 s trajectory difference grid map; a) large scale, b) small scale
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Figure 12. PMcoarse trajectory difference grid map; a) large scale, b) small scale
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Figure 13. Polar plot of wind speed (m/s), wind direction, and high PM2 5 at a) Calexico,
summer; b) Brawley, winter; c) Calexico, winter
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Figure 14. Polar plot of wind speed (m/s), wind direction, and PMcoarse at a) Brawley, summer; b)
Calexico, summer; c) Brawley, winter; d) Calexico, winter
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Chapter 5. Conclusions

This dissertation presents the calibration of novel community air monitors, their
deployment in Imperial, CA as a 40-monitor network, and the use of the resultant data for land
use regression and back trajectory modeling. Chapter 2 describes the development of the
calibration model. A community monitor was collocated with regulatory instruments, PM2s and
PMyo beta-attenuation monitors (BAMs), at the Calexico-Ethel site operated by the California
Air Resources Board (CARB). The calibration equation was a linear model that included
relative humidity. The R? for the model was 0.79 for hourly PM2s and 0.78 for hourly PMo.
The model was validated by comparing its performance at six sites that hosted environmental
beta attenuation monitors (E-BAMs); average R? for hourly PM2s was 0.59. Chapter 3 presents
the development of a land use regression model for predicting monthly PM2s and PMcoarse. Land
use, meteorology, and temporal factors sampled within multiple buffer distances were the
explanatory variables. Multiple model types were compared and the Bayesian Additive
Regression Trees (BART) model performed the best for both PM2s and PMeoarse; R? of 0.47 and
RMSE of 1.50 pg/m?® for monthly PM2s and an R? of 0.65 and RMSE of 8.07 ug/m?® for monthly
PMcoarse. A variable selection procedure was performed that selected relative humidity, wind
speed and direction, and road length as important factors influencing PM2s and temperature,
road length, and area of farmland as important factors for PMcoarse. Predicted PM2s was higher
near the US-Mexico border while predicted PMcoarse Was elevated throughout the northern part of
the agricultural region of the Imperial Valley. Both types of PM were elevated to the west of the
Salton Sea. Chapter 4 discusses the use of HYSPLIT back trajectories and polar plots in
determining potential sources contributing to high PM in Imperial County. Air parcels were
more likely to pass through areas west and southwest of Imperial County when leading to high
PM conditions inside the county. High PM in Brawley, a city in the middle of Imperial County,
was associated with high speed wind from the west and south west, indicating wind borne dust as
a potential source, and low speed winds from the northeast, indicating a nearby source. High PM
in Calexico, a city on the US-Mexico border, was linked to high speed winds from the west,
indicating wind borne dust as a potential source, and low speed winds from the south, suggesting
a local source of transport from Mexicali, a city adjacent to Calexico.

In general, the results presented in this dissertation agree with the description of air
pollution in Imperial County provided by the Imperial County Air Pollution Control District in
their State Implementation Plans (SIPs). Both point to windblown dust and transport from
Mexicali as significant sources of PM. However, two other large scale features of PM in
Imperial County stand out in the analyses presented above. First, high PM to the west of the
Salton Sea. While not explicitly mentioned in the SIPs, data from the California Air Resources
Board’s Air Quality and Meteorological Information System (AQMIS2) shows that Salton City
has become the monitoring site with the highest number of PM exceedances in the last five years
or so, taking over from sites in Calexico that have historically recorded the highest number of
exceedances. Second, the high PM near Brawley, shown in Chapter 3 as high PM2s and PMcoarse
in the monthly measurements and predictions, reaching a high peak in May 2017, and in Chapter
4 as the local spike to the N/NE of Brawley.
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Community air monitoring as a tool separate from regulatory air monitoring has provided
a number of distinct benefits. First, the high spatial density allowed the creation of the land use
regression models, a technique that can be used to estimate exposure for epidemiological studies.
Second, as an independent check on the regulatory network and the air quality analyses provided
by local and state agencies. While our results agreed with the regulatory network and Imperial
County SIPs in general, there were notable exceptions. Local spikes near Brawley were seen in
the land use regression and wind modeling analyses, but not mentioned in the SIPs. Also,
concentrations of PMz1o beyond the limit of the regulatory monitors were captured by the
community monitors. This work was presented by Astrid Calderas, a post-doc and member of
CCV, to CARB, which responded by changing the maximum limit on some of their BAMSs from
1,000 pg/m3 to 5,000 pg/m3. They have already seen hourly values above 2,000 pg/m®. Third,
we, the members of the Imperial Project, have found community air monitoring to be an
invaluable tool to help the community advocate for their air quality with local and state
government. The effort that CCV has put into their environmental justice work has been
immense and it has been awesome to watch them speak out for air quality.

During the five years of the Imperial grant, we learned many lessons, both technical and
interpersonal. Technical lessons learned included networking choices, how to increase the
resilience of our monitors to extreme environmental conditions, and individual component
choices. Many places in Imperial County are rural and do not have any Wi-Fi/Ethernet
connections and poor, if any, cellular connection. In these locations, primarily around the Salton
Sea, we used cellular communications, attaining ~50% data completeness. If we had the time
and funds it would have been good to use satellite or radio communications for these locations.
During the initial deployment of the monitors we found cellular to be much easier to install and
more reliable than Wi-Fi. This was due in part to poor Wi-Fi signal strength and the inability to
use 5G and enterprise Wi-Fi networks. External Wi-Fi antennas were added at some sites, which
helped somewhat. Imperial County has very hot summers, upwards of 120 °F, and occasional
dust storms. A monitor that was located on top of a metal roof had the Dylos melt, something
the manufacturer had never seen before. This unit was relocated and the fan in the enclosure was
set to “always on” instead of using its internal thermostat. From this incident we found out that
the internal thermostats did not work correctly in any of the enclosures and would only cool the
enclosures occasionally. The dust storms, which happen more frequently around the Salton Sea
and near the desert areas, would often either cause the Dylos to begin reading all Os or read
erratically. Affected units were sent to the manufacturer for cleaning and recalibration. We
opened up one of the units that had been in a dust storm and could literally pour the sand out.
We are working on adding sand traps to the monitors that are subject to frequent dust storms.

We have also learned many lessons regarding the practice of community-based
participatory research (CBPR); especially since the goal from the beginning of the project was to
turn over ownership of the network to the community after the grant ended. The biggest lesson
was a lesson in communication and trust. Communities that are in locations with poor air quality
often face other injustices, economic, social, linguistic, etc., and may have a history of negative
interactions with government and academic institutions. This foundational mistrust of the
government can make it challenging to foster productive interactions between regulatory air
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quality stakeholders and communities in community monitoring studies. Furthermore, academic
institutions can be seen as a sort of black box where the academics have total control over the
results of the study and the process by which they arrive at those results is hidden behind a
curtain of technical jargon. There has also been a history of “parachute science”, where
academics will perform a study in a community then leave without presenting the results to the
community. From the government or academic perspective it can feel anxiety-provoking to hand
over monitoring technology or study results to the community for fear that it will be
misinterpreted and used to reinforce prior beliefs. The successful CBPR study must be able to
address these concerns in a transparent and accountable way. As in many endeavors, open and
honest communication is the foundation to a productive working relationship. Agreements for
work to be done should be accompanied by a specific date and deliverable. In the Imperial
study, check-in meetings were held every month over the phone with the whole project team.
For pieces of work that didn’t involve the whole team, separate calls were held. We also met in
person in Imperial or Oakland, where the California Environmental Health Tracking Program is
based, at least once a year. During these meetings we would discuss the status of the project and
the ongoing operation and funding of the network. Meetings with community members and
local politicians were held in Imperial to present our work to the public and advocate for funding
after the end of the grant.

Transferring ownership of the monitoring network to CCV is an ongoing process that has,
at times, been quite challenging. Part of that challenge is building technical capacity. CCV has
hired a full-time programmer to work on their IVAN web platform for visualizing air quality and
reporting environmental complaints. Their programmer has been instrumental in helping to
enable CCV to take control of the network. Having a person with programming experience is
necessary for installing and configuring all the code that runs the backend of the monitoring
network. It is also good to know how to change the code on the microcontroller in case new
features are desired or more bugs are found. Furthermore, it is necessary to know how to
download data from the database and manipulate it into a flat file structure or use it for data
analyses. All together this requires knowledge of databases (Kairos, SQL), server scripting
(PHP), web scripting (HTML, JavaScript, CSS), microcontroller coding (C, C++, python),
statistical software (R), and, if hardware changes are desired, circuit board creation, soldering,
and mechanical design. These are the skills that I picked up during the project as | designed the
community monitor. It is hard to find somebody with all of these skills at once since only a
subset are needed for most IT/engineering jobs. That is why | have stayed on as a technical
consultant. I am working with CCV to help them understand and improve on the current monitor
and network design. It is recommended that communities that are interested in setting up a
monitoring network with a custom air quality monitor find a technical consultant. However,
most communities will not need this level of customization and there area handful of low-cost
off-the-shelf monitoring solutions where monitors upload to a third-party database that includes a
website for visualization and downloading of the data.

Comite Civico del Valle (CCV) has been doing environmental justice and advocacy work for
over 25 years. Through the diligent pursuit of their advocacy work, CCV has been able carve
out a seat for themselves in discussions with the local and state air quality agencies. Over the
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duration of the project we have seen the approach of government air quality agencies towards
interacting with community groups slowly change. In particular, the California Air Resources
Board (CARB), with whom we collaborated on the Imperial project, and the South Coast Air
Quality Management District (SCAQMD), with whom we did not work directly, have shown
more interest in the knowledge and experience of the community and an eye towards investing in
communities to help monitor their own air quality.

To this end, the California State Legislature passed Assembly Bill No. 617 in 2017. This
bill has allocated funding for community air monitoring to be conducted statewide. CCV were
involved with the creation of the bill and the Imperial network was used as a model of a
successful community air monitoring project. The IVAN web platform developed by CCV and
the structure of the community air monitoring project in Imperial are being adapted to use
throughout California. Most of the initial partners on the Imperial project are involved with
work stemming from AB617 and the effort to expand community monitoring across the state.
The original Imperial project has applied for funding under AB617 to help pay for the costs of
operating the network.

As more low-cost air sensors reach the market and are adopted by the public, there has
been increasing effort from government and academic institutions to characterize their
performance. SCAQMD’s AQ-SPEC program has done lab and field testing for dozens of PM
and gas sensors and provides a nice overview of the performance of currently available sensors.
The US Environmental Protection Agency (EPA) has created a sensor scale, which provides
guidelines for categorizing air pollution readings from sensors that oftentimes report data much
more frequently than the regulatory monitors from which the EPA’s Air Quality Index (AQI)
was developed. The US EPA is also starting the discussion of performance standards for low-
cost air sensors, formalizing the minimum requirements needed for a sensor to be considered
acceptable to be used for a community monitoring project.

It is my hope that the lessons learned from the Imperial project can be used to foster
increased collaboration between communities, government, and academia to create air
monitoring networks that can help identify sources of poor air quality, educate citizens, and open
the door to policy changes that will work to directly reduce air pollution emissions or exposure to
poor air quality.

68



Appendix A. Supporting Information for Chapter 2

Table 1. R? for different size bins of the Dylos and BAM and filter data

PM2s PM1o

FEM BAM FEM BAM |FRM FEM BAM FEM BAM FRM

(hourly) (daily) Filter |(hourly) (daily) Filter
Bin 1 (>0.5 um) 0.78 0.84 0.79 0.31 0.41 0.23
Bin 2 (>1.0 pm)[0.71 0.73 0.67 0.57 0.72 0.57
Bin 3 (>2.5 pm) 0.56 0.58 0.42 (0.77 0.87 0.78
Bin 4 (>10 pm) 0.09 0.06 0.04 0.73 0.71 0.43
Bin1-Bin2 .68 0.81 0.74 |0.20 0.30 0.13
Bin1-Bin3 0.74 0.83 0.76 (0.23 0.34 0.17
Binl1-Bin4 0.78 0.84 0.79 [0.31 0.41 0.23
Bin2-Bin3 0.73 0.76 0.71 0.34 0.51 0.38
Bin2-Bin4 0.71 0.73 0.68 [0.57 0.72 0.57
Bin3-Bin4 0.56 0.59 0.42 (0.77 0.86 0.78
n? 3907 160 300 14008 168 32

@Total number of overlapping observations for the Dylos and the BAM/Filter
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Table 2. Data Loss During the Study Period and After Implementing Lessons Learned

Site Location | Network Network Dylos Data | Total Data
Type? Data Loss Loss (%0) Loss (%0)
(%)

Seeley” Central E,C <1,0 <1,<1 <1,<1
Kennedy” Central C,C <1,0 82,0 83,0
Westmorland® North W, C 49, 30 24,19 73,49
Meadows” Central E,E <1,0 37,<1 37,<1
Calipatria® North C,C 46, 22 <1,0 46, 22
Calexico® Alvarez | South W, W 24, 36 <1,0 24, 36
Total (average) 19, 15 24,3 44,18
Calexico-Ethel® South C,C 9,1 <1,0 9,1

ag = Ethernet; C = Cellular; W = Wi-Fi
bStudy period (3/2/16 to 7/19/16), follow up period (1/1/17 to 3/1/17)
°From 6/18/15 to 7/12/16 (~13 months), follow up period (1/1/17 to 3/1/17).
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Figure 1. Scatterplot of PM2s BAM vs. PM2s BAM replicate at Calexico-Ethel
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Figure 2. Scatterplot of PM2s Filter vs. PM2 s Filter replicate at Calexico-Ethel
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Figure 3. Seeley Time-series
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Figure 4. Calipatria Time-series
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Figure 5. Westmorland Time-series
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Figure 6. Meadows Time-series
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Figure 7. Kennedy Time-series
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Figure 9. Difference between Dylos conversion and E-BAM
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Figure A10. The Display of the Community Air Monitoring Network on the IVAN website
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About CALs

Community Air-Quality Levels (CALs) are used to describe air quality in terms of how harmful the level of particulate

matter (PM) pollution in the air is to human health. The CALs are derived using similar methods as EPA’s Air Quality
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