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Welcome!

This meeting is being recorded. The recording and meeting
materials will be available on our website.

Please enter your name, title, and organization into the chat
nox for attendance.

Please make sure your microphones are muted during the
presentations.

When asking a question, please utilize the Raise Your Hand
feature and state your name and organization.

You may also utilize the chat box to ask questions.

% Air Quality Health Monitoring Task Force - January 2025



Welcome!

Objective:

To bring together a group of government
representatives, health officials, academic
representatives, and air quality experts to
evaluate data that may indicate a need for
additional air quality improvement strategies
to address concerns over localized air
pollution, with a focus on transportation
sources.
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\ NCTCOG PRESENTATION

- Monitoring Under the Rider 7
Local Air Quality Planning Grant

@NIELA TOWER | HEALTH & MONITORING TASK FORCE | 1.30.2025



Rider 7 Monitoring

Rider 7 Local Air Quality Planning Grant exists for Ozone and PM2.5

Eligible activities are limited to:

o Monitoring of Pollution Levels
o Emission Inventories

o Data Analysis

o Modeling - limited

Rider 7 Ozone funds are only eligible to be used in counties that are close to
being in non-attainment, with a design value of between 60 and 70 ppb.

% Health and Monitoring Task Force - Rider 7 Ozone
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Regulatory Monitoring Network
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14. Arlington Municipal Airport
15.Dallas Hinton Street
16.Earhart

17.Convention Center

18. Dallas Executive Airport
19.Granbury

20.Cleburne Airport
21.Midlothian

22.Kaufman

23.Italy

24.Corsicana Airport



Rider 7 Ozone - Monitoring Planning

N o Monitor Ozone, Met.
T Data, NO,
M1° @ Monitor Ozone, Met.
Data

. Wolf Hollow Power Plant
A Granbury regulatory
o M2 monitor

Monitoring Location Plan:
* M1 Rocking X Ranch

* M2 Rancho Brazos

ity Center

* M3 Private resi

M3

o

M4 Somervell County

. Water District
* M5 Vista Minerals LLC.
Schematic Hood-Somervell near Tolar
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o wind
direction

*not to scale
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Rider 7 - Monitoring Devices

Wind direction and speed:
Atmos 41W (Meteorological

FEM/ FRM Approved Devices:
2B Technologies (Ozone)

Data)

Dimensions (Height
x Width x Depth):
8.7x4.0x3.0in(22
x10x 7.6 cm)

Low-Cost-Monitors: Aeroqual

AQY-R

Model 108-L Ozone Monitor | 2B Tech

ATMOS 41W - METER Group

% Health and Monitoring Task Force - Rider 7 Ozone

Aeroqual AQY-R

Air quality
monitoring
system designed
to provide real-
time air quality
data of ozone (O-
200 ppb),
nitrogen dioxide
(0-500 ppb),
PM2.5 (0-1000
ug/m3) mass
concentration,
temperature and
relative humidity.


https://www.aqmd.gov/aq-spec/sensordetail/aeroqual-aqy-r
https://metergroup.com/products/atmos-41-wireless-remote-weather-station/
https://2btech.io/items/industrial-ozone-monitors/model-108-l-ozone-monitor/

Rider 7 Ozone - Monitoring Goals

Evaluate the influence of the Wolf Hollow Power Plant (Wolf Hollow Il and
planned Ill) - Bitcoin

Correlate meteorological conditions and ozone readings in the various locations

Track development of ozone readings
Compare precursors to ozone formation

Add to a better spatial coverage of pollution data in the DFW region

Although Rider 7 Ozone does aim for ozone and ozone precursor pollution, the
Aeroqual also measures PM2.5 - more comprehensive pollution assessment.

% Health and Monitoring Task Force - Rider 7 Ozone



Goal: The One-Stop-Shop Monitoring Network

MONITORING HEALTH DATA
Facilitate and create a Collect and provide
more localized access to
monitoring network, impersonalized health
bundle access to the data with correlate to
currently available AQ data, facilitate the
monitoring stations understanding of AQ
and resources at one impact on public
website, increase health
monitoring

% Health and Monitoring Task Force - Rider 7 Ozone

COLLABORATION

Bring all interested
parties together for
information exchange,
create an accessible
public information
platform, identify
sources and
mechanisms of AQ
impacts



Health Data Tools

CO-Benefits Risk Assessment Health Impacts Screening and
Mapping Tool (COBRA)

Web-based and Desktop Application
URL: https://www.epa.gov/cobra

=  Allows you to see how changes in pollutants (PM2.5, SO2, NOx,
VOC) impacts human health at county, state, regional, or
national level

= Users can supply own baseline emissions, population, and
incidence data; and health impact and valuation functions to
customize the model in the Advanced Options tab in the
desktop version

== Source: CO-Benefits Risk Assessment Health Impacts
Air Quality Health Monitoring Task Force - January 2025 Screening and Mapping Tool (COBRA) | US EPA



https://www.epa.gov/cobra
https://www.epa.gov/cobra
https://www.epa.gov/cobra

Health Data Tools

Regional Environmental Health Data Visualization Application
(REHD)

Tool: https://edap.epa.gov/public/extensions/EHD public/EHD public.html
Webinar: https://www.youtube.com/watch?v=UhyK13gqE374

= Compare health and environmental datasets from the Centers for Disease
Control and Prevention (CDC) and EPA EJSCREEN: Environmental Justice
Screening and Mapping Tool along with other data.

= For statistical reporting and analysis
= (Contact: Sala Senkayi - Senkayi.Sala@epa.gov

) ) o Source: Exploring Environmental Health Data Using An
Air Quality Health Monitoring Task Force - January 2025 Interactive Data Visualization Application | US EPA 10



https://edap.epa.gov/public/extensions/EHD_public/EHD_public.html
https://www.youtube.com/watch?v=UhyK13qE374
mailto:Senkayi.Sala@epa.gov
https://www.epa.gov/perspectives/exploring-environmental-health-data-using-interactive-data-visualization-application
https://www.epa.gov/perspectives/exploring-environmental-health-data-using-interactive-data-visualization-application

FOR MORE INFORMATION

CHRIS KLAUS JENNY NARVAEZ
Senior Program Manager Program Manager

cklaus@nctcog.org jnarvaez@nctcog.org
817-695-9286 817-608-2342

VIVEK THIMMAVAJJHALA DANIELA TOWER ANALISA GARCIA
Transportation System Modeler Air Quality Planner Air Quality Planner

vthimmavajjhala@nctcog.or dtower@nctcog.org agarcia@nctcog.org
817-704-2504 817-704-5629 817-695-9170

= Health and Monitoring Task Force - Rider 7 11
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https://www.nctcog.org/trans/quality/air
mailto:cklaus@nctcog.org
mailto:jnarvaez@nctcog.org
mailto:vthimmavajjhala@nctcog.org
mailto:kbergstrom@nctcog.org
mailto:kbergstrom@nctcog.org

winders.

Environmental Justice Cleaner Air Grassroots Power



- e A"r"‘ - o
-~ i 3 RN







Mlleth|an Cement P|ant3 Ended hazardous waste burning

IN Texas cement kilns

Our founding struggle was stopping the burning
of hazardous wastes at three large old cement plants

south of DFW Replaced or modernized

all three cement plants

We worked for 13 years until we successfully:

Led a national campaign to reform
EPA regulations for waste-burning
cement Kilns.
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Downwinders helped
Frisco residents

close what turned out to be
an illegally operating

lead smelter

that was exceeding
national air pollution
standards

for lead.

UNLEADED

In less than a year
we won the closure and clean-up
of the smelter,

which previously had

the backing of EPA,

state government

and the City of Frisco.

Frisco Lead Smelter




Dallas Drilling Ordinance

FAK

A cmum "

IWILL NE\/ER \/OTETOM
PUT NEIGHBORHOODS AT
YISk BECAUSE UF MONEY s

Despite what the Dallas Mayor
said was “a done deal’,

we stopped and reversed

gas drilling leases

In city parks and floodplains.

Then we passed

a tough drilling ordinance
that effectively

banned gas and oll drilling
in Dallas City limits.






Particulate Matter

) 10-20pg/m? . 20-50g/m*

. 50-100ug/m’. 100+ pg/m? .not available

pg/m?® = micrograms per cubic meter of air
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https://protect.checkpoint.com/v2/r02/___http://sharedairdfw.com___.YzJlOm5jdGNvZzpjOm86OWQ0ZDg3ZWFlMWQ2NjQyNWE5MzYwYzViZDZlNjUyNTc6Nzo0YzBmOjZmYTczYzQ2ODdkMmIxODhjMDYxZDUzZGYyZDA5ZTU4YzU3MTJjN2FjYjI4YjEwMjkyMjUwNThlYmUyODQ4ZGI6cDpUOkY

Where does PM come from?

Vehicles with combustion engines:
Cars, Buses, Trucks, Trains, and Planes

Industry with boilers, furnaces or other sources of
combustion:utility plants, cement kilns, steel mills,
4 natural gas compressors.

Small Businesses and homes with combustion
restaurants, welding shops, stoves and fireplaces.




Black and Brown people are exposed
to more and higher concentrations
of air pollution than White people.

Why*?
Proximity to polluters
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What determines proximity to polluters?
Zoning

Wednesday, pecember 11, 2013 2:28 PM

Council Meeting

How do you change Zoning?

individual Results 7
Adam Medrano
N | Sheffie Kadane
I Tennell Atkins

I Carolyn R. Davis
| Dwaine Caraway
Jennifer S. Gates 1 vonclel Jones Hill

B Jerry R. Allen
| Lee Kleinman

Michael Rawlings
Monica R. Alonzo
Philip Kingston

| Rick Callahan
Sandy Greyson




Black and Brown people are disproportionately exposed to
higher concentrations of air pollution than White people.

EXHIBIT ES-3. CURRENT NATIONAL PM; s-ATTRIBUTABLE MORTALITY BURDEN BY RACE

00
EXHIBIT ES-2. CURRENT PM; s-ATTRIBUTABLE MORTALITY RATE (PER 100,000)
Black
29,066
S
O 600 - RACE PM-ATTRIBUTABLE MORTALITY (PER 100K)
S
- Asian 170
8 Black 670
g Native American 200
4y )
@ Whi 1
QO 400 =~ ite 210
Q All 300
®
=
—
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< American
z N White
E 200 = T 549 85.343
sian
,094
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ol oM Source: Industrial Economics Incorporated, “Analysis of PM2.5-Related
Population Health Burdens Under Current and Alternative NAAQS.” 2022







The Joppa Environmental Health Project (JEHP) focused on two study questions to

understand the health of the community regarding particulate matter (PM) air pollution:

1. 2. e

What is Joppa’s actual exposure 1o PM2s Are there health problems among Joppa
air pollution? residents linked to PMzs air pollution?
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Community Survey:
i Perceptions of Pollution
EncuestalComtimitaria: Percepciones

&

ce Ia Contamimacion

‘ La calidad

La contaminacion
del aire en Jope
tiene un efecto
perjudicial para
mi salud o la de

|
mu;/n 232 62% mi familia. 83 9%

Alr quality Air pollution
| in Joppa Is poor  in Joppa makes me
3 Or very poor. and my family sick

del aire
en Jope




Joppa Daily PM Burden =

Up to 2-3X Dallas County Concentrations

Carga de PM en Joppa = Hasta 2-3 Veces
el Promedio del Condado de Dallas

Data from the three SharedAirDFW.com monitor locations in

Joppa showed an average daily exposure rate for PM that was up

to approximately twice that of the Dallas County as recorded by

the EPA PM monitor north of Downtown Dallas. I

Los datos de las tres ubicaciones de monitores de
SharedAirDFW.com en Joppa mostraron una tasa de 2
exposicion diaria promedio a PM que fue hasta

aproximadamente el doble que el promedio del condado

de Dallas, segun lo registrado por el monitor de PM
de la EPA al norte del centro de Dallas.

Hlnton Hull Carbondale



PM 2.5 (ug/m’)

PM 2.5 (ug/m’)

Air Monitor Results

Carbondale 01

. L | hJ
May-22 Jun-22 Jul-22 Aug-22 Sep-22

Carbondale 02

i ww

PM 2.5 (ug/m’)

PM 2.5 (ug/m”)

—
'-

1~

Hull

Joppa air pollution violated EPA
daily standard 24 times durin
the study period - Once a week.

0
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TCEQ Dallas Hinton




Rolling Back Racist Zoning
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@he Washington Post

Democracy Dies in Darkness

More Top Stories

W ()

Marsha Jackson, in her backyard in Dallas, is dwarfed by Shingle Mountain, an illegal toxic waste dump. (Allison V. Smith for The Post)

Race & Reckoning

Shingle Mountain: How a pile of toxic waste
R oe was dumped in a community of color

- b
SR The manmade mountain of discarded roofing shingles stretches more than a city block in Dallas, where White leaders
paved the way for the illegal toxic dump to rise up in a minority community.
A - News - Lifestyle v Entertainment v Opinion The Learning Key Religion ~ Obituaries Sports ~ Multimedia ~ Digital Editions + About Us ~ | Subscribe

'Shingle Mountain' casts towering threat over minority
area in Dallas

Mollie Belt Oct 12,2020 %0

25¢ PER WEEK FOR

LAST WEEK §
TONIGHT

Videos sponsored by:
Independence

Recent Videos

® T e
M RTUAL AWARDS'C
L . B L ()

2020 Philadelphia's Most Influential African
Americans

Marsha Jackson, founder of Southern Sector Rising, filed a lawsuit in July to prod action on removing the “Shingle Mountain”
debris site in a predominately minority neighborhood in Dallas. — Photo from the Dallas Peace and Justice Center



".
)

G E
’l"“: $ ‘

(1)

lﬁlurﬁu

1
4 ‘2.\“
-

ek Ll s

L
L4

SMELL SOMETHING? CALL 311
www.GAFsGottaGo.com
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R reron NEIGHBORHOOD
g SELF—DEFENSE
PROJECT

NEIGHBORS UNITED/VECINOS UNIDOS & THE NEIGHBORHOOD SELF-DEFENSE PROJECT
2020




R

HIKS

" ol
oy TR, M grliey
iy N iy
- (f)\g:‘g v

RIBBON OF PLAY
CINTA DE JUEGO
(OPTION 3) (OPCION 3)

PARK FOR
FLORAL
FARMS

AUGUST 1, 2021 COMMUNITY ENGAGEMENT

K

OeNOTRLONS

EY OF SITE EL

EMENTS

f ITIO
- A}

PHASE 1 ENTRANCE (ENTRADA FASE D
SPLASH PAD (ALMOHADILLA PARA SA
TODDLER PLAY (J1ULG NIN
CHILDREN PLAY (LOS NINOS JUEGA
SOCCER FIELD (CAMPO DE FUTBOI

COMMUNITY GARDEN (JARDIN COMUNIT

RESTROOMS (BAN:
AMPHITHEATER (ANFITEATRO

REC CENTER (CENTRO DE RECREACION)
. HILL PLAY ((JUEGO DE COLINA

. RIBBON + PATH (CINTA + CAMINO)

. FLORAL DISPLAY (EXHIBICION FLOR/
. BASKETBALL COURT (CANCHA DE B
. GATHERING SPACE (ESPACIO DE REUNIORN
. TIER SEATING (ASIENTOS DE NIVE

. BRIDGE (PUENTE

PHASE 2 ENTRANCE (ENTRADA |

74 S A L At
a -




25

SharedAirDFW
and
EJCPS Grant

0-10pug/m? g ‘vl 10-20pg/m? . 20-50pg/m?

50-100;‘3/111" 100+ pg/m* . not available

( Confidential > ( Copyright © >




What Makes
this Spedcial

. SharedAirDFW is the only real time, second by second,
hyperlocal air monitoring system in DFW
o This is critical because neighborhood pollution can change
block by block

° SharedAir is engineered by UTD’s MINTS Team and used by
groups like Texas A&M to complete health projects

° The EJCPS grant will expand the SharedAir system into new
communities and upgrade current monitors hardware

West Dallas Environmental Health
Project Proyecto de Salud Ambiental de

Robert Wood Johnson
Foundation JOh
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Project Timeline

< Q1 JAN—FEB >
Partners

Staff will touch base with
each community partner
listed in the EJCPS grant.
We will verify that each
group understands the
grant and is willing to
participate

( Confidential > ( Copyright © >

<Q1MAR—Q2APR>

Create SharedAir
Network

Work with each
community partner to set
a plan to hold a SharedAir
Network meeting.

<Q2 MAY—JUNE>

<Rest of the Year>

Placing new
monitors

Begin placing monitors
based on need and a
democratic process
created from the Network
meeting

Follow the calendar
created in the EJCPS
work plan and use
network meetings to
strategize on how to
improve and expand the
network



Meet the Team

akitha
UT-Dallas Wijeratne
UT-Dallas

< Confidential > ( Copyright © >

’ /) '/
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S / /
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i
Dr. Natalie
Johnson

Texas A&M

Dr. Ping Ma
Texas A&M



Build local

Growth government
Strate gy Educate

communities
on how to use

SharedAirDFW is the most Shared Alr Exband
practical way for Downwinders P
to grow. If we can expand the the

network, we can connect more . Network
. . Work with Cross-refere
real time data to impacted community ce air data

Make data
more user
friendly

communities partners to with other
place research
monitors
Use
monitors
to initiate
research

( Confidential > ( Copyright © >




winders.

Environmental Justice Cleaner Air Grassroots Power



MINTS-AI

MINTS-AI: Human Health and
Sensing in Service of Society

Protf. David. J. Lary

Hyperlocal AQ Hyperlocal AQ Humans as Sensors Static AQ Monitors Remote Sensing Mobile AQ Monitors on EVs Mobile AQ Monitors on Bikes
Health Outcomes Microenvironments for AQ with ML Calibrated with ML & AQ with ML Calibrated with ML Calibrated with ML




MINTS-AI
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Physical Environment Social Environment

: e Air pollution, pesticides, water : 0 and Lifestyle
O ::dosscz:lrggr;tf rr:)' ':]aen;sr;(;:r\:veor:\klcal O Diet, exercise, sleep habits,
- O Fz/v I as th di ; &) stress, smoking, and alcohol

Ex p os o m I cs O ast e | sl surro:m ™ @ and drug use, along with

® AL SRS @ socioeconomic conditions,
Our environment — from the : : are also exat"]P'eS of
air we breathe, food we eat, ° SVIPNTENERSTE o @@ P The Body’s Response
and Water we (}il‘lﬂk to the O @ Some environmental exposures
chemicals we ingest and O O may cause biological changes
stress we experience — : : :Eat aﬁeth health. F°rﬁexigﬂz
- ese changes can affec :
|nfl.uen.ces hgalth. o ® protein levels, signaling
Scientists strive to measure @ O pathways, and metabolism.
the exposome, which is the @) However, a person’s unique

genetic makeup and environment

totality of these exposures and ,
iInfluence how the body responds.

the body’s response to them.
The study of the exposome,
called exposomics, will allow
scientists to discover how
exposure mixtures drive
health and disease, so people
can take steps to modify their
Individual exposures and

improve their health. Hyperlocal AQ

Microenvironments
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The Ultra-Fine Size Fraction Penetrates Deeply
into the Lungs and is Seldom Monitored

large spray droplets (> 0.1 mm or 100 pm)
will get lodged in upper respiratory tract
can be blocked by surgical mask

aerosols (<10 um)
will reach the lower lungs
blocked effectively only by N95 filter

- ‘N ..'
‘ ~~. s.‘Q'. b
3 4 .Qi‘*-‘.'.'."V
® 00 . : .
O \ i
O

®

Exhalation 1.5 m'

<< >|‘

Cough travels > 2 m
< >

Sneeze travels = 7 to 8 m (23 to 27 feet)

<

Photograph of an actual sneeze plume from Bourouiba L. Turbulent Gas Clouds and
Respiratory Pathogen Emissions: Potential Implications for Reducing Transmission of
COVID-19. JAMA. Published online March 26, 2020. doi:10.1001/jama.2020.4756

larger than 10 pm
stuck in upper @
respiratory tract

can be blocked by
surgical mask

smaller than 10 ym

reach down to bronchi
lower lungs
can be blocked only
by N95 filter
— alveolae
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Airborne

S i Ze M atPe rs pollutants

Fine and ultrafine particulate matter tends to circumvent
the mechanisms that the body has to deflect, detain, and
destroy unwelcome visitors.

Harmful ultrafine
0.1 micron particles

Ultrafine particles are like little Trojan horses,
pretty much every metal known to humans
can be found on them.




MINTS-AI

Studies suggest that the tiny pollutant particles can go
up the nose and be carried straight to the brain via the
olfactory nerve — bypassing the blood-brain barrier.

The particles don’t travel alone. On their surfaces these
particles carry contaminants, from dioxins and other
chemical compounds to metals such as iron and lead.

Particulate Matter acts as a vector, transporting any
number of chemicals into the brain, chemicals that may
act in different ways to cause damage.

The Blood Brain Barrier

Normal Blood Vessels vs.

\ Brain Blood Vessels

Industrial
waste

Ash

Fossil fuels

Beyond fine
Pollutant particles are classified

Olfactory bulb
transmission
Particles may enter
the nose and travel
through the olfactory
bulb into the brain,
directly seeding
plaques and causing
other problems.

Olfactory bulb

Pollutants

Nasal epithelial transmission ——
Particles may affect the lining of

the nasal epithelium, producing
inflammation that damages

the brain.

Mechanical inhalation

and regulated by size, although Particles that reach “
Pore passage B, Corvier-medisted traneport “ultrafine” pollutants of about 0.2 the |ungs may inflame C‘L\J‘,; »
um are unregulated. The smaller them, releasing brain- F\C );rz‘“ﬁ}
Lipid-soluble the particle, the more damage it damaging cytokines. ‘3‘?} (3
substances may do the brain. / c‘ 2
* /- e
o — cOpm / G 33
Blood Vessel | \ Blood Vessel ‘ Human J o 5
z L
PM10 ;f 5 Cytokines
Glial brain cells / . Lipid-soluble (10 um) | .
support the barrier 4 substances |
1 N s

Water-lined pore (7 Tight Junctions (no pores)

create the barrier

(2.5um)

Caplilaries In cross section

Cytokines are a broad
category of small proteins
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Particles May Enter the Brain via the Bloodstream

Trachea

Small particles can slip through the plasma membrane of alveoli—the tiny air sacs in the lungs—and
get picked up by capillaries. The particles are then distributed around the body in the blood. Although
some of these particles may eventually breach the blood-brain barrier, but a pollutant need not
enter the brain to cause trouble there. The immune system can react to particles in the lung or
bloodstream, too, triggering widespread inflammation that affects the brain.

Human Health Impacts

Bronchus

HEALTH OUTCOMES SHORT-TERM STUDIES LONG-TERM STUDIES The epidemiological and
PM PM PM PM . . .
0 2 0 2 toxicological evidence suggest that
Mortality i
particulate matter acts as a
All causes XXX XXX X XX XX X . o f o h
Cardiovascular XXX XXX X XX XX X carcinogenic factor in humans,
Pulmonary XXX XXX X XX XX X causing high rates of genomic
Pulmonary effects alterations. Particulate matter is ~ B
Lun funCtion’ e ’ PEF XXX XXX XX XXX XXX i | | 3 ow air pollution threatens brain hea nne Peeples, Proceedings of the National Aca em
: gf on. €9 - . . capable of inducing genomic o e oo tstrs s el P, Prcsdogs of et sy o
ung function grow . - . . . - B
_ instability during the carcinogenic
Asthma and COPD exacerbation .
Acute respiratory symptoms XX X XXX XXX process and our genetlc baCkg FOUﬂd , e
: A (ai sacs
Medication use X influences the response to the er "~
Hospital admission XX XXX X : %
p Sou rces Of da mage° Cory-Slechta received a surprising request from some ‘ "
T Uni ity of Rochest i tal dici Il .
Lung cancer Typicaly. the group researshed the effects of air polution on [
e e mmmm .- the lungs and hearts of adult animals. But they had just
Cohort AR T T T eeea e, exposed a group of newborn mice and asked Cory-Slechta’s
) : team to look at the brains. When she examined the animals’ |* R
Hospita| admission 1 tissue. “It was eye-opening. | couldn’t find a brain region| =~
] that didn't have some kind of inflammation.” !
Cardlovascu Iar effe cts After_14 days Qf exposure to poIIl_Jtants during the gestational period,_researc_hers fqund deposits of trace ele_ments s_iIica (Si), iron (Fe), and
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Environment

I air pollution making you dumb?

The link between air pollution and our general health is well proven. Large-scale
research from China suggests that it may be affecting our brains too
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The impact of exposure to air pollution on
cognitive performance
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EARTHTALK Q&A

Is Air Pollution Making Us Dumber?

Researchers Uncover Links Between Bad Air Quality And Lower IQ Scores

By Roddy Scheer and Doug Moss
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Second, we have matched exposure to local environmental
stressors with individual cognitive performance according to the
exact time of test taking. This is more precise than in previous
studies, for instance, that of Ham et al. (8), who match yearly air
pollution with average standardized test scores at the school-
grade level. Third, most existing studies consider either the ef-
fects of transitory or cumulative exposure to air pollution, but
rarely both effects simultaneously, except for Marcotte (13). For
example, Ham et al. (8) and Ebenstein et al. (10) focus on con-
temporaneous exposure; Bharadwaj et al. (14), Molina (15), and
Sanders (16) examine the effect of cumulative exposure. We are
among the first to examine the cognitive impact of cumulative
exposure to air pollution while controlling for contemporaneous
exposure. By controlling for the latter, we can evaluate the relative
importance of transitory and accumulative effects. We find that
the accumulative effect dominates.

Given that cognitive ability shapes human behavior and de-
cision making, our result provides supporting evidence on the
findings about the negative effect of air pollution on decision
making (7, 17), risk attitude (11), and behavior (11, 18). The
damage on cognitive ability by air pollution also likely impedes
the development of human capital. In fact, a few studies have
found that exposure to air pollution lowers educational attain-
ment (10, 16) and results in lower labor productivity (19-22).

Air pollution is a ubiquitous problem in developing countries.
According to the global ambient air pollution database compiled

Significance

Most of the population in developing countries live in places
with unsafe air. Utilizing variations in transitory and cumula-
tive air pollution exposures for the same individuals over time
in China, we provide evidence that polluted air may impede
cognitive ability as people become older, especially for less
educated men. Cutting annual mean concentration of particu-
late matter smaller than 10 pum (PM10) in China to the Envi-
ronmental Protection Agency’s standard (50 pg/m3) would
move people from the median to the 63rd percentile (verbal
test scores) and the 58th percentile (math test scores), re-
spectively. The damage on the aging brain by air pollution
likely imposes substantial health and economic costs, consid-
ering that cognitive functioning is critical for the elderly for
both running daily errands and making high-stake decisions.
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Cognitive Performance Impacts

a brain scan of a man inhaling polluted air visibly entering his nostrils which can be seen
reaching his brain degrading his cognitive performance,

photorealistic
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Size Matters pollutants (Canart) (agse ) £ 9)
PO *eo o ~ ¥ |“ ( i ~ 4 ." »
Fine and ultrafine particulate matter tends to circumvent " °° S g - ’ » »
the mechanisms that the body has to deflect, detain, and \\ = \ S N 3 //
destroy unwelcome visitors. s | =D N~
- Harmful ulirafine Airborne Formaldehyde Bacteria Odours
Harmful ultrafine 0.1 micron pollutants and benzene
particles '

0.1 micron particles

2.5 microns are tiny particles
suspended in the atmosphere.

When we breathe them in they can cluster on the lining
of the lungs. They've been linked to heart attacks,
strokes and skin ageing.

Ultrafine particles are like little Trojan horses,
pretty much every metal known to humans
can be found on them.

This is PMO.1 or 0.1 micron particles.

But particles of 0.1 microns
are much smaller...

Fine and ultrafine particulate matter tends to Yo can 1,000 croes 1 clmete o hoenan ik, Anc

. . they travel even further into the lungs.
circumvent the mechanisms that the human body has L“g?iffe"iuﬁaé“;i;‘;?m";"ﬂ.%m:m?“
to deflect, detain, and destroy unwelcome visitors. branches and gas exchange regions of the ungs.

The health effects of air pollution are strongly
influenced by particle size.
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Health Outcomes
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Emergency Room Admissions

Estimated Mean of Nitrogen Monoxide Mass Mixing Ratio in Texas for 2021(34384
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Emergency Room Admissions

# of cases for A41.89 - Other specified sepsis

Estimated Mean of Nitric Acid in Texas for 2021Q4 from 2005-2021
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Social & Environmental Observatory

.g A

Software Defined Platform App Store
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Sentinel = Software Defined Sensor + Platform

Autonomic Biometric Sensing

\[

Machine Learning

Software Defined Platform App Store
Sensors

Sentinel




64-electrode EEG
Respiration/ECG

Biometric Sensor Placement

PPG/HR/Sp02

for AQ with ML

Humans as Sensors

Front

Temperature
Eye Tracking
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Wearable Sensors Decoding Autonomic Physiological

Biometrics

Responses Using Machine Learning

Ix

Inputs

x

Inputs

£EX

Inputs

surureJ .

rx

Inputs
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Inputs

Inputs

Inputs

Output(s)

V= (XX X502, Xg e X,)
Imagine x+ through x, and y tabulated in a spreadsheet

Multi-Variate Machine Learning Regression

9.0 pym — 10.0 ym

e 5.8 M ~ 9.0 pm

Pharynx
4.7 ym - 5.8 pm

Trachea and primary bronci
33pm—=4.7 pm
Secondary bronci
2.1 ym = 3.3 pm

Terminal bronci
1.1ym =21 pm

Alveoli
065um~=1.1pm
Alveoli

0.43 pm - 0.65 pm
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The Composition of the Air Impacts our Performance

PM, (;:9/m°) Performance Scatter Plot PM, (;:9/m’) Quantile-Quantile Plot
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Model for PM, Concentrations

Eye and CGX features on PM;

A %\ A Eye and CGX Quantile-Quantile plot for PM;
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@ The Goals of the MINTS-AI AQ Monitors

Provide a real-time aerosol size distribution.

-

Provide measurements of the ultra-fine size fraction most
impactful for human health and generally overlooked.

Provide observations on the appropriate temporal (and
spatial) timescales.

-

Provide real time meteorological context from an accurate -\ 7

rain gauge and ultra-sonic wind speed and direction.
' !

ARy
' Static AQ Monit
i Calibrated with ML

Provide real-time measures of biodiversity. -
—

e,
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Real-time Size Distribution

Mold & Pollen Size Fractions
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Real-time Size Distribution

Ultra-fine Size Fraction

~ 1-5/ litre

~ 10-15/ litre

~ 100 =200/ litre

~ 1,000/ litre

~ 30,000/ litre

~ 90,000/ litre

>300,000 / litre
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Example Software Defined Sensor

©-€® Application Workflow
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Low cost sensors calibrated against high end
reference sensors can be distributed at scale
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Sensor Calibration

1:1
e Training (# 161,599, R=0.999)
+ Validation (# 12,686, R=0.998)
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Using Machine Learning for the Calibration of
Airborne Particulate Sensors

Research Grade Sensor

Estimated PM1
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Estimated PM1
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PMo 5

Abstract: Airborne particulates are of particular significance for their human health impacts and their
roles in both atmospheric radiative transfer and atmospheric chemistry. Observations of airborne
particulates are typically made by environmental agencies using rather expensive instruments. Due to
the expense of the instruments usually used by environment agencies, the number of sensors that PM - =
can be deployed is limited. In this study we show that machine learning can be used to effectively i et — iy Q ua ntl Ie-Q ua ntl Ie P M 2.5
calibrate lower cost optical particle counters. For this calibration it is critical that measurements of ] 1:1 ey )

the atmospheric pressure, humidity, and temperature are also made. ] e Training (# 168,337, R=0.997)
1 + Validation (# 13,172, R=0.993)

Ty

Keywords: optical particle counter; airborne particulates; machine learning
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1. Introduction

Estimated PM2l5

Airborne atmospheric aerosols are an assortment of solid or liquid particles suspended in
air [1]. Aerosols, also referred to as particulate matter (PM), are associated with a suite of issues
relevant to the global environment [2-8], atmospheric photolysis, and a range of adverse health T
effects [9-15]. Atmospheric aerosols are usually formed either by direct emission from a specific source oot ) b b AR S bl i 1 OO
(e.g., combustion) or from gaseous precursors [16]. Although individual aerosols are typically invisible 10° 10t
to the naked eye, due to their small size, their presence in the atmosphere in substantial quantities True PM Tru e P M
means that their presence is usually visible as fog, mist, haze, smoke, dust plumes, etc. [17]. Airborne (d) 2.5 (e) 2.5
aerosols vary in size, composition, origin, and spatial and temporal distributions [14,18]. As a result,
the study of atmospheric aerosols has numerous challenges.

1.1. Motivation for This Study P M 10

Low cost sensors that can also be accurately calibrated are of particular value. For the last two
decades we have pioneered the use of machine learning to cross-calibrate sensors of all kinds. This was
initially done for very expensive orbital instruments onboard satellites (awarded an IEEE paper prize, PM 10 . .
and specially commended by the NASA MODIS team) [19]. We are now using this approach operationally B Q ua nt| I e-Q Uua nt| I e P M
for low-cost sensors distributed at scale across dense urban environments as part of our smart city 1034 1:1 = 10
sentinels. The approach can be used for very diverse sensors, but as a useful illustrative example that i] ¢ Training (# 84,833, R=0.958) |° ¢
has operational utility, we describe here a case for accurately calibrated, low-cost sensors measuring the JL_-_Validation (# 6,859, R=0.849) '8

P ty, y ’ & WEE PR -
abundance and size distribution of airborne particulates, with the implicit understanding that many 1024 Py ;o 'S
other sensor types could easily be substituted. These sensors can be readily deployed at scale at fixed E »
locations; be mobile on various robotic platforms (walking, flying, etc) or vehicles; be carried; or deployed :
autonomously as a mesh network, either by operatives or by robots (walking, flying, etc.).

Building in calibration will enable consistent data to retrieved from all the low-cost nodes
deployed/thrown. Otherwise the data will always be under some suspicion as the inter-sensor

=
o

o
Al

Estimated PM2.5

Calibration of low cost sensor

Estimated PM 10

=
o
o

against research grade sensor

Estimated PM10

Sensors 2020, 20, 99; d0i:10.3390/s20010099 www.mdpi.com/journal/sensors 10 0 3 : ®

- ge 0 ou using machine learning.
(g) True PM, (h) 10

Sensors 2020, 20(1), 99; https://doi.org/10.3390/s20010099
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PM> s and Relative humidity at Fort Worth in Jan 2024
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Hyper-Local Micro Environments
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Hyper-Local Micro Environments
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Hyper-Local Micro Environments
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Pollen

Settling Dust

Abstract
Airborne particulates play a central role in both the earth’s radiation balance and as a trigger for a ﬁ

Mold Spores

pil Smoke

PMio

wide range of health impacts. Air quality monitors are placed in networks across many cities glo-
bally. Typically these provide at best a few recording locations per city. However, large spatial va-
riability occurs on the neighborhood scale. This study sets out to comprehensively characterize a
full size distribution from 0.25 - 32 pm of airborne particulates on a fine spatial scale (meters).
The data are gathered on a near daily basis over the month of May, 2014 in a 100 km? area en-
compassing parts of Richardson, and Garland, TX. Wind direction was determined to be the domi-
nant factor in classifying the data. The highest mean PM:s concentration was 14.1 * 5.7 pg-m-3
corresponding to periods when the wind was out of the south. The lowest PM. 5 concentrations
were observed after several consecutive days of rainfall. The rainfall was found to not only
“cleanse” the air, leaving a mean PM: 5 concentration as low as 3.0 + 0.5 pg-m-3, but also leave the
region with a more uniform PM:5 concentration. Variograms were used to determine an appro-
priate spatial scale for future sensor placement to provide measurements on a neighborhood scale
and found that the spatial scales varied, depending on the synoptic weather pattern, from 0.8 km
to 5.2 km, with a typical length scale of 1.6 km.
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1. Introduction

Multiple studies have established a strong link between aerosols and health issues [1]-[4]. Several illnesses have 90 um (microns) in diameter
been attributed to long-term exposure of aerosols [5]-[7]. However, even short term exposure can have an effect FINE BEACH SAND

on cardiovascular/cardiopulmonary or respiratory health [1] [8]. Aerosols and particulates have even been e mesOnD

How to cite this paper: Harrison, W.A,, Lary, D., Nathan, B. and Moore, A.G. (2015) The Neighborhood Scale Variability of
Airborne Particulates. Journal of Environmental Protection, 6, 464-476. http://dx.doi.org/10.4236/jep.2015.65045
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Temporal Scales
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Range is 0.98 minutes
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When collecting data over time, a temporal variogram can guide the design of N(AT)

[Z(1) — Z(t,+ AT)|”

efficient sampling strategies by identifying the optimal time intervals for data }/(AT) —

ON(AT) 2

collection, ensuring that the data captures the relevant temporal variability. i=1
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Remote Sensing & AQ with ML
Earth’s water cycle

The A-Train

Aqua
1:30

Remote Sensing
& AQ with ML

CALIPSO CloudSat
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Atmospheric Chemistry
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Aqua DeepBlue

Remote Sensing & AQ with ML

Rank Source Variable Type
| Satellite Product Tropospheric NOo Column Input
2 Satellite Product Solar Azimuth Input
3 Meteorological Analyses Air Density at Surface Input
4 Satellite Product Sensor Zenith Input
5 Satellite Product White-sky Albedo at 470 nm Input
6 Population Density Input
7 Satellite Product Deep Blue Surface Reflectance 470 nm Input
8 Meteorological Analyses Surface Air Temperature Input
9 Meteorological Analyses Surface Ventilation Velocity Input
10 Meteorological Analyses Surface Wind Speed Input
11 Satellite Product White-sky Albedo at 858 nm Input
12 Satellite Product White-sky Albedo at 2,130 nm Input
13 Satellite Product Solar Zenith Input
14 Meteorological Analyses Surface Layer Height Input
15 Satellite Product White-sky Albedo at 1,240 nm Input
16 Satellite Product Deep Blue Surface Reflectance 660 nm Input
17 Satellite Product Deep Blue Surface Reflectance 412 nm Input
18 Satellite Product White-sky Albedo at 1,640 nm Input
19 Satellite Product Sensor Azimuth Input
20 Satellite Product Scattering Angle Input
21 Meteorological Analyses Surface Velocity Scale Input
22 Satellite Product Cloud Mask Qa Input
23 Satellite Product White-sky Albedo at 555 nm Input
24 Satellite Product Deep Blue Aerosol Optical Depth 550 nm Input
25 Satellite Product Deep Blue Aerosol Optical Depth 660 nm Input
26 Satellite Product Deep Blue Aerosol Optical Depth 412 nm Input
27 Meteorological Analyses Total Precipitation Input
28 Satellite Product White-sky Albedo at 648 nm Input
29 Satellite Product Deep Blue Aerosol Optical Depth 470 nm Input
30 Satellite Product Deep Blue Angstrom Exponent Land Input
31 Meteorological Analyses Surface Specific Humidity Input
32 Satellite Product Cloud Fraction Land Input
In-situ Observation PM5 5 Target
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Remote Sensing & AQ with ML

Time Taken l

10 Mbps 20 Mbps 50 Mbps 1 Gbps

Remote Sensing 40 TB training data 185 days 93 days 37 days 1 day 21 hours
& AQ with ML 4 Gb update 54m 27m 11m 32s
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A Common fire area B C
Close ups showing good agreement with observations

v, AL 5 Py Remote Sensing & AQ with ML

R LIRS . A
{4 W e

& ToA » The monthly average of our machine learning PM, s product (g m-3)

o i S /5 for August 2001. The average of the observations at a given site is

oy SO PR overlaid as color filled circles when observations were available for
' R gl at least a third of the days. Notice the good agreement between the

PM,  product and the observations. Also, as would be expected, in

20 & ha
S
16 -

14 e Tt western US. Central Valley and LA are clearly visible in California.

12

110 Inset panel (A) is of Alaska and highlights common fire areas
% [ associated with elevated PM, ;. Insets (B) and (C) show the good

summer, the eastern US has much higher PM, : abundance than the

Remote Sensing
& AQ with ML

' ‘ __ 5 | PV agreement between our product and observations. Inset (D) shows

|
O N B~ O
Ié
q

u gl ' the elevated PM, : with the heavily agricultural Central Valley in

— Calitfornia, the highly populated Los Angeles metro area, the

Sonoran desert (one of the most active dust source regions in the

US), and the Four Corners power plants (some of the largest coal-
fired generating stations in the US), and the Great Salt Lake Desert.
Note the fine scaled features visible in this product, which are in

Central valley

Four corners power plants marked contrast to the AirNow prOdUCt.

CITATION: Lary et al. Using Machine Learning to Estimate Global PM2.5 for Environmental
Health Studies. Environmental Health Insights 2015:9(S1) 41-52 doi: 10.4137/EHL.S15664.

Sonoran dessert
Los angeles area
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Fraction of the Time There i1s an Exceedance
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Predicting Lethality
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The entire CT-Analyst GUI display predicting lethality for a scenario involving four separate chlorine releases in downtown Baghdad. Notations have been added giving the amounts and
release times of the four sources. Sensor fusion for a backtrack computation and a site danger zone are also shown. Computation for this composite display takes about 0.1 second.
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MINTS-AI: Human Health and
Sensing in Service of Society

Protf. David. J. Lary

Hyperlocal AQ Hyperlocal AQ Humans as Sensors Static AQ Monitors Remote Sensing Mobile AQ Monitors on EVs Mobile AQ Monitors on Bikes
Health Outcomes Microenvironments for AQ with ML Calibrated with ML & AQ with ML Calibrated with ML Calibrated with ML




Thank you!

Next Meeting: April 24, 2025
Recap email and next meeting details to follow.

Please reach out to Analisa Garcia with any
questions.

Email: agarcia@nctcog.org
Phone: (817) 695-9170

Air Quality Health Monitoring Task Force - January 2025
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