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Executive Summary

E1l. Background

The adoption oAssemblyBill 617 (AB617gstablisked collaborative programs to reduce
community exposure to air pollutants in neighborhoods most impacted by air pollution. Air
District staff have been working closely with the California Air Resources Board (ARB), other
local air districts, community groupspmmunity members, environmental organizations,
regulated industries, and other key stakeholders to reduce harmful air pollutants in Bay Area
communities.
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activities by assessing pollutant formation, quantifying the relative contribution of emission

sources to ambient pollution levels, and assessing population exposures and the benefits of
emission controls in impacted communities around the Bay Area. Qial m$sessments focus

on fine particulate matter (Ph%) concentrations in West Oakland, and folloyw analyses will

include air toxics evaluations in West Oakland and expansion of our technical assessments to

other communities.

For the PMsanalyses, w evaluated ambient meteorological and air quality data, and applied
GKS | ®o{ & 9t ! Q&caleAivQuality (CWARQ) mathl id Aimulate pollutant
concentrations at a-km horizontal resolution over the entire Bay Area for 2016. Then we
repeatedthed A Ydzf A2y SAGK 2Sad hl{1fFyRQa | yiKNERLIR:
modeling inventoryleavingall other model input parameters unchanged. We calculated annual
average PMls concentrations using the output of each simulatidrhe first simulation prased

the annual average PM concentrations for 2016 over the entire Bay Arediich will be used

for PMbs exposure analyses and health impacts assessments. The second simuiatioled

an estimate of background PMlevels in West Oakland (i.e., tRdvb.5s concentrations that

would exist in the absence of local West Oakland sources). Backgrounct@®htentrations

will then be combined with locakcale modeling of West Oakland sources using the AERMOD
dispersion model to provide a complete pictureRiVb s levels in the community and the

relative contribution of different emission sources to those levels.

E2. Major Findings
E2.1 RegionalPM.sConcentrations

The CMAQ modegjenerallycaptured the observed PM pattern within the km domain
(FigureEl). High concentrations in both simulations and observations are evident in the
northern San Joaquin Valley, along tHe8D and 4880 corridors from Richmond to the Oakland
Airport, along the-{101 corridor near Redwood City, and in the San Jose mettaparea.ln

the Sacramento areahé modelshows overestimation biasesd PM s concentrations do not
compare as well to observations as in the Bay Afea Sacramento and other countiestside
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the Bay Areawe refed2 y G KS | w. Q& S)addiuiheryaludioh @f$hése darah S a
may be warrantedThe modelalsoshows high concentrations along th&880 corridor from

Oakland Airport to San Jose and along tleétdfrom Antioch to Brentwoogddthough

observations are unavailable in these areas
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FigureEL: Spatial distribution of simulated and observed annual averages Bbhcentrations within the
1-km modeling domain.

Ste by site comparisons between the simulations and observations (Fig)rghow that at

most Bay Area sitgencluding the West Oakland Air Monitoring Statiotie simulated annual
average PMsconcentrations are withirt1.0 ug/m? of observations. Aa fewsites (Concord,
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Oakland and Gilroy), the annual average>Bbbncentrations were overestimatednd at one
site (Napa)the annual average PM2.5 concentratisrasunderestimated by as much asl2.
ug/ms. Causes of these ovand underestimations are under investigation.
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FigureE2: Annual mean observed vs. modeled £2bncentrations at monitoring sites within thekin
modeling domain. The number of valid observations is shown in parentheses for each site

E22 EstimatingBackground P in West Oakland

FigureE3shows the annual average B¥concentrations for the base case within the West
Oaklandocalscalemodelingdomainthat will be used for AERMODhe highest and lowest
annual average PM concentrations are 9.8g/m® and 7.1ug/m?, respectively. A

concentration gradient is evident within the domain. Cells with relatively higher concentrations
extend along the eastern boundary and northwestern corner of the domain. A concentration
gradientis also evident in the West Oakland community, an area within the red border in the
figure. The eastern half of the community has slightly higher concentrations than the western
half.

The spatial distribution of the annual average 2Moncentrations isimilar to the spatial
RAAGONAROGdzGAZ2Y 27F 2 Sa&idE4Thé Chinagfov@atea B Na sodtheastgra o CA 3
corner of the West Oaklandcalscaledomain has the highest emissions and concentrations.

The cell along the southern boundary with thid3 lo@est concentration (7.jug/m3) alsohas

the lowest emissionél.4 Ibs/day).
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Figure E3: Spatial distribution of the simulated annual average; Bdhcentrations in the West Oakland
modelingdomain.
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FigureE4 Spatiadistribution of annual average Piemissions in West Oakland.

Figure E5 shows the annual average:Bbtbncentrations for the control case, i.e., a simulation
gAGK2dzl 2Sad hih1ftlFryRQa IYyiKNRLR2IASYAO SYAaarzy
in the annual average concentrations decreased significantly in the absence of West Oakland
emissions across thecalscaledomain. The location of the maximum annual average PM
concentrations hashiftedfrom Chinatown to near the Bay Bridge, suggestime influence of

transport from the northwest corner of the domain.
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Figure E5: Spatial distribution of the simulated.RKA2 y OSY (i NI GA2ya gAlK2dzi 2 Sa
anthropogenic emissions.

FigureE6shows the difference between the base and control cagased on the figure, the
Chinatown area would benefit the most (215/m?3) from zeroing out all anthropogenic
emissions in the West Oaklatmtalscaledomain. The West Oakland community (within the
red border) would benefit by PM reductions rangingrom 0.8ug/m3to 1.7 ug/m3. The
southwest corner of thenodelingdomain would be the least benefitted area, with a reduction
of about 0.5ug/mé.

Note that these PI¥ls concentrations and reductions represent the average value across a 1x1

km grid cell. Higher concentrations and reductions are possible at thgrsdilzell level, and
these finerscale gradients will be investigated witie localscale AERMOD modeling.
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Figure E6: Difference between the simulated annual average base and control case PM
concentrations.

E3. Discussion

West Oakland is a unique @ terms of itsgeographic locatioremissions, meteorology and
air quality.Inthe West Oaklandocd-scaledomain annual average Pisemissionsare 0.35
tons per daytpd), about 1% of theBay Aredotal. Onroad and nonroad mobile sources
account for66% of total PM s emissions Area sourceaccount for24% of totalPMe 5
emissionsasignificantly smallepercentage compared tthe Bay Area totaPM s emissions
(Figure E7).

West Oakland is alsmpacted by pollutantransport from outside sources for all seasons.
During spring, summer and fall, prevailing winds from the west, nortithaed to a lesser
degree from the soutlwesttransport pollutants from downtown San Francistite San
Francisco Peninsula, astipping emissions from the Pacific Oceadthe Bay During winter,
occasional easterly airflow transports polluted fiom the Central Vallethrough the Delta.
West Oakland is also open for sea salt intruswinich mostlyoccuis during springandthe
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transport of wildfire emissions from the Sierras, other northern California locations and state of
Oregonduring the witlfire season Transportto West Oaklandrom southern California,
neighboring counties and intercontinental transpare also possiblé.

BAAQMD PM2.5 Emissions West Oakland PM2.5 Emission:
(Total = 33.7 tpd) (Total = 0.35 tpd)
Point Point Area

22% 10% 24%

Area
51%
Onroad

15% Onroad

35%
Nonroad

31%
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12%

FigureE7 PM s emissions by source sector for the District (left) and West Oakland (right).

February September and December usually exhibit the highest fddncentrations in West
Oakland(Figure EB PM iselevatedin Februarybecause othe contribution of wood burning
emissions, secondary PM formation and near stagnant atmospheric conditions. ElBNated
September is mainly influenddoy wildfire emissiondn Decembey PM levels arsignificantly
influenced by wood burningnd cookingwhich generally increases during thelidays and
relatively calm and foggy atmospheric conditions.

The remainig months exhibit PM levels aroundi8/m?, exceptuly, August and Octoberhe
strong afternoon seabreezie July and August lowgsconcentrationghrough atmospheric
mixing while October is a month with relativelpw wind speed andhighly variable wid
directions. The usual transport from nearby sources are not dominant during this month.

The CMAQ modes$ generally able toeplicate the monthto-month variation inobsened PM s
concentrationan West OaklandFigure B). The model slightlgverestimates"M during winter
months andunderestimates PMiuring summer monthsa pattern thatis typical of the CMAQ
modeling systemI'he ®mewhat significant underestimation in Septembelikgly due to lack

of wildfire emission#n the CMAQ simulations

I Note that this analysis did not seek to quantify the impact of various sources of transported pollution on West
Oakland. Rather, to be consistent with AB617 goals, the focus was on the impact of local emissions.
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Figure B: Monthly average simulated and observed RMoncentrations in West Oakland.

ES9



Fine Particulate Matter Data Analysis and Regioiadeling
in the San Francisco Bay Area to Support AB617

1. Introduction

The adoption of Assembly Bill 617 (AB617) established collaborative programs to reduce
community exposure to air pollutants in neighborhoods most impacted by air pollution. Air
District staff have been working closely with the California Air Resources Board (ARB), other
local air districts, community groups, community members, environmental organizations,
regulated industries, and other key stakeholders to reduce harmful autpolis in Bay Area
communities.

¢KS LJzN1J32 &S 2F (GKAa RIGF Fylrfeara FyR NBIA2YL
activities by assessing pollutant formation, quantifying the relative contribution of emission

sources to ambient pollutiorelels, and assessing population exposures and the benefits of

emission controls in impacted communities around the Bay Area. Our initial assessments focus

on fine particulate matter (Plk) concentrations in West Oakland, and folloy analyses will

include air toxics evaluations in West Oakland and expansion of our technical assessments to

other communities.

For the PMsanalyses, we evaluated ambient meteorological and air quality data, and applied

GKS ! ®{ & 9t ! Q&cale2ivQualty {CMAGpdetizd sinfulate pollutant

concentrations at a-km horizontal resolution over the entire Bay Area for 2016 (Figure 1.1).

¢CKSY ¢S NBLISFISR GKS aAayvydzZ FadAaAz2y 6AGK 2SadG ht g
the modeling inventory, leaving all otheradel input parameters unchanged. We calculated

annual average PM concentrations using the output of each simulation. The first simulation

provided the annual average BNiconcentrations for 2016 over the entire Bay Area, which will

be used for Pisexposure analyses and health impacts assessments. The second simulation
provided an estimate of background BMevels in West Oakland (i.e., the PMoncentrations

that would exist in the absence of local West Oakland sources).

Background Pk concentations will be combined with localcale modeling of West Oakland

sources using the AERMOD dispersion model to provide a complete picture efedRils in

the community and the relative contribution of different emission sources to those levels.

Figurel.2 shows the AERMOD modeling domain for West Oakland. The area outlined in blue
NBELINEASYyGa (0KS aaz2dz2NOS R2YFAYyZé FyYyR it aAiraya
Y2RSt SR Ay GKS ! 9wah5 aAyYydzZ IGA2yade ¢KSYyRNBR KI
or the area for which pollutant concentrations will be calculated by AERMOD.

The application of the CMAQ model involves the preparation of meteorological and emissions
inputs, model runs, analysis of simulated pollutant concentrations, and the di@iuzf model
performance via comparison between simulated and observed pollutant concentrations. A
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simulation year of 2016 was selected because (1) this is a recent year that is likely to be
representative of current conditions in West Oakland and otlmenmunities; and (2) special
measurement studies that took place in 2016 provide additional ambient data to support
evaluations of model performance.

District staff have been applying and evaluating the CMAQ model in the Bay Area over the last
several yeas, along with the Weather Research and Forecasting (WRF) model, which provides
meteorological inputs for CMAQ. Findings from previous modeling work are documented in a

District report on PMs data analysis and modeling (Tanrikulu et al., 2009) and iS5 thea i N&X Ol Q&
2017 Clean Air Plan (BAAQMD, 2017). Both the CMAQ and WRF models were tested and

evaluated for many cases in the Bay Area and their performance has been iteratively improved.

The 2016 simulations used the begstrforming configuration of the maal. The 2016 emissions

Ay Llzia KFE@S 6SSy dzZJRIFIGSR (2 NBFESOG !''w. Qa Yz2a
the extent possible.
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Figure 1.2The West Oakland AERMOD modeling domain. The area outlined in blue represents the
AERMOD source domain, and the red hatched area represents the AERMOD receptor domain.

1.1 PMsand Its Health Impacts

PMsis a complex mixture of suspended particles and liquid droplets in the atmosphere that
have an aerodynamic diameter of 2.5 microns (um) or less. An individual particle typically
begins as a core or nucleus of carbonaceousent often containing trace metals. These
primary (directly emitted) particles usually originate from the incomplete combustion of fossil
fuels or biomass. Layers of organic and inorganic compounds then deposit onto a particle,
causing it to grow in siz& hese layers are largely comprisedefondarymaterial that is not
emitted directly. Secondary PM instead forms from chemical reactions of precursor gases
released from combustion, agricultural activities, household activities, industrial sources,
vegdation, and other sources. As a particle grows larger, gravity eventually causes it to be
deposited onto a surface. Naturally emitted dust particles generally have diameters too large to
be classified as PM.

Major human health outcomes resulting fronMPs exposure include: aggravation of asthma,
bronchitis, and other respiratory problems, leading to increased hospital admissions;
cardiovascular symptoms, including chronic hardening of arteries and acute triggering of heart



attacks; and decreased lifexgectancy, potentially on the order of years. Smaller particles have
increasingly more severe impacts on human health as compared to larger particles. This occurs
in part because smaller particles can penetrate more deeply into the human body. For the Bay
Area, public health impacts from BMmay well exceed the combined impacts of all other
currently regulated air pollutants.

District staff have previously evaluated the health and monetary impacts et PM
concentrations in the Bay Area for 2010. Fingin§ this evaluation are documented in a report
by Tanrikulu, et al. (2011).

1.2  Formation of PMsin the Bay Area

In the Bay Area, PM concentrations can build up during winter months (December, January
and February) under stable atmospheric conditions that trap pollutants near the ground.
Winters with frequent stagnant periods tend to have a higher number of days with elevated
PM sthan winters with more periods of windy and stormy conditions. Consecutive stagnant,
clear winter days are typically required for Pdepisodes to develop. PM episodes are
regional in nature and impact most Bay Area locations.

The Chemical Mass Balan@MB) model was previously applied for Rource

apportionment using specialized measurements mostly obtained during the years20999

CMB is a statistical receptor model that uses speciatedgPheasurements to estimate the
contribution of individuhsource categories to observed PMevels. CMB analyses for the Bay
Area showed that primary combustion sources (both fossil fuels and biomass) were the largest
PMs contributors in all seasons. The biomass combustion contribution to peak IBvelswas
about 24 times higher during winter than for other seasons. SecondarysRMels were

mostly elevated during the winter months, with ammonium nitrate being the key component of
wintertime secondary Pl This semvolatile PM.s component is stablén its solid form

during the cooler winter months. Secondary ammonium sulfate Pblels were generally low

(< 2 mg/m3) but nonnegligible. Sea salt, geological dust, and tire and brake wear contributed
minimally to PM s concentrations (Tanrikulu etl., 2009).

Meteorological cluster analysis, a data mining technique, was implemented to determine how
weather patterns impact Pk levels. Clustering was applied to measurements from every
winter day across more than 10 years. This method provided astalepresentation of how
prevailing weather conditions affected the development of RMpisodes. Such episodes
generally developed under: stable atmospheric conditions inhibiting vertical dispersion; clear
and sunny skies favoring enhanced secondary #bdtmation; and pronounced overnight
drainage (downslope) flows off the Central Valley rims, causinddee! air in the Central

Valley to empty through the Delta and into the Bay Area along its eastern boundary.
Atmospheric transitions of aloft weathaystems profoundly influenced the surface winds that
determine PM:levels. Surface conditions stagnated whenever an ugezl high pressure



system moved over Central California. Persisting high pressure conditions allowed PM
buildup, and Bay Areadzhour elevated PMls generally occurred after-2 days.

A refined cluster analysis further characterized the upwind Central Valley conditions during Bay
Area episodes. Two distinct inteegional air flow patterns were associated with different types

of Bay Area episodes. Most elevated PM days were associated with winds from the Sacramento
Valley to the northeast entering the Bay Area through the Delta. Peals RMEls typically

occurred along the Delta and at San Jose for this type of episode. Atyifoeievated PM

days were associated with winds from the San Joaquin Valley from the southeast entering the
Bay Area through the Delta. Peak PNevels typically occurred along the Delta and in the East
Bay (at Livermore, Concord, Vallejo or San Radael to a lesser degree at Oakland and San
Francisco) for this type of episode. The remaining relatively moderate episodes could not be
associated with any distinct inteegional transport pattern linking the Bay Area and

surrounding air basins.



2.  Observations and Data Analysis
2.1  Ambient Measurements

Both meteorological and air quality data have been continuously collected in the Bay Area and
surrounding regions for many years. In 2016, there were twainty?Mmonitoring stations

within the 1-km modeling domain sixteen in the Bay Area and ten outside the region. Table

2.1 lists PM monitoring stations used in this study with their annual and quarterly average PM
values. Figure 2.1 shows the spatial distribntof monitored annual average BM

concentrations for 2016. A complete list of monitoring stations, types of measurements, and
the purpose of their use in this study is provided in Appendix A. The air quality monitoring
network plan published by BAAQMRNoderer et al., 2017) provides additional details on the
SAAOGNROGQa Y2YyAG2NRAYy3I ySig2N] o

All ambient data used in this study were subjected to quality assurance checks and validated

prior to being used. These data were used for the development of a pturlemodel of PM

formation in the region, establishment of relationships among emissions, meteorology and air

guality, evaluation of models, and fodimensional data assimilation (FDDA), in which

meteorological observations are used by the meteorologitc&l RSt G2 aydzZRISE aA Y
toward observations.

Hourly average data are used for most analyses and model evaluation, but monthly, quarterly
or annual averages are presented here for brevity.

2.2  Data Analysis

In 2016, the annual average Rdtoncentrations (Table 2.1) at two Bay Area air monitoring
stations (Sebastopol and Gilroy) were betwegmgdm? and 6ug/m3. These two sites captured
the lowest PMslevels in the Bay Area. At three other air monitoring stations (Concord,
Oakland and SaRafael), Pis concentrations were between gig/m® and 7ug/m3, and at four
other stations (Berkeley Aquatic Park, Livermore, San Francisco and Vallejo), they were
between 7ug/m3 and 8ug/m?3. At the remaining seven stations (Napa, San Pablo, Laney
Colleg, Oakland West, Redwood City, San Jdsekson and San Jodénox Avenue), Ph4
levels were above Bg/m?3. San JoseKnox Avenue had the highest Bay Area annual average
PM s concentration (9.21g/md).

Outside of Napa, the stations with annual avggdPM s concentrations above Ag/m?3extend
from the north Bay to the south Bay. Previous analyses showed that IBMEls at these
locations were influenced by local sources and the transport of pollutants from the Central
Valley. Elevated concentratisrat Napa are mostly due to local residential wood burning and
the transport of PM from both residential wood burning and wildfire emissions.



While PMlevels at several Bay Area stations, such as Laney College, West Oakland and
Livermore, showed little change from one quarter to another, another set of stations (including
Napa, Vallejo and San Francisco) had significant differences between quartdesIabThese

stations are impacted by transport and seasonal chamgeneteorologyand/or emissions,

such as wood burning.

Table 2.1: PM stations in thekin modeling domain with their annual and quarterly average PM

values.
Station Name PM.s Averages (ug/n¥) for 2016
Stations in the Bay Area ANNUAL| QTR 01| QTR_02| QTR _03] QTR_04
Berkeley Aquatic Park 7.2 --A --a 7.7 6.6
Concord 6.2 6.0 4.3 4.6 9.4
Gilroy 5.7 5.9 6.1 6.8 4.1
Laney College 8.8 8.9 9.4 8.7 8.1
Livermore 7.6 7.4 7.2 8.4 7.3
Napa 8.9 6.5 7.2 10.4 11.1
Oakland 6.2 5.2 5.9 6.4 7.2
Oakland West 8.7 9.6 8.9 7.6 8.6
Redwood City 8.7 6.8 10.3 10.6 6.7
San Francisco 7.8 8.5 8.1 5.9 8.4
San JoseJackson 8.3 8.0 8.0 8.8 8.4
San JoseKnox Avenue 9.2 9.0 8.6 9.9 9.2
SanPablo 8.1 7.6 8.9 7.8 8.2
San Rafael 6.6 7.0 6.1 5.9 7.1
Sebastopol 5.1 4.9 4.6 4.0 6.5
Vallejo 7.6 8.4 5.6 6.0 10.2
Stations outside the Bay Area
Manteca 9.9 10.8 7.5 8.8 12.3
San Lorenzo Valley Middle School 5.3 54 5.2 4.7 5.8
Roseville N Sunrise Ave 6.8 6.7 5.7 6.7 8.3
Sacramento Health Departmengtockton 6.9 7.8 5.7 6.6 8.3
Blvd.
Sacramente 1309 T Street 7.6 7.2 5.6 7.1 10.9
Sacramento Bercut Drive --a --a --a --a 14.6
Sacramente Del Paso Manor 8.7 8.6 6.1 7.2 13.2
Santa Cruz 5.4 5.8 5.9 5.3 4.5
Stockton- Hazelton 11.8 13.9 8.2 10.0 15.2
Woodland- Gibson Road 6.3 5.2 5.4 8.1 6.9

@Data missing or invalidated.
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Figure 2.1: Spatial distribution of observed annual averaggsebhcentrations for 2016 within the-1
km modeling domain.



3. Modeling

3.1 Emissions Inventory Preparation

The 2016 modeling emissions inventory includes estimates for area sdyvoes,sources,

onroad mobile sources, nonroad mobile sources, angdmic sources. The inventory was

FaaSYotft SR TNRY | @I NASGe& 27T -hBusdiemissiogsdstiidedes,> Ay O
SYyrAaarzya RIFEGE FNRY !'w. X YR 2dziLJzia FNRY ! w.
emissions data were used for all anthrgemic sources in neBAAQMD counties with the

exception of onroad mobile sources. Courdnd facilitylevel ARB emissions data for the entire
adFa4S 2F /T FEAT2NYAL 6SNB R2oyf2FRSR TNRBY !w. Q
SMOKHeady formatand @ NE O2yaAiaidSyd 6AGK (GKS Odz2NNByid @S
emissions inventory data that was developed to support the preparation of ozone State
Implementation Plans (SIPs) for ratiainment areas in California. At the time of this work, the

lal Sad OSNBAZ2Y 2F !w. Qa {Lt Ay@Syi2NB 41 a4 OSNHE/
2012 and projected to various future years, including 2916.

C2NJ I NBI &2 dzNBv8l&missibnw estiviatesdd @midéndial wood combustion in
BAAQMDcoyiti A Sa 6SNB I R2dzaAGSR G2 | O002dzyd FT2NJ GKS A
program, which prohibits wood burning when air quality is forecast to be unhealthy. This

adjustment was based on survbpsed wood combustion emissions estimates develdped

District staff, comparisons with wood combustion emissions estimates for other air districts,

and discussions with ARB staff. Additional details in residential wood combustion emissions are
provided in Appendix B.

C2NJ 2y NRIF R Y2 0BMFAC2617 uedd&D\Bad Bin for the édiire state of California

for each month in 2016 to produce couAgvel, monthspecific emissions estimates.

EMFAC2017 reports emissions by vehicle type and emission mode (e.g., idling, running exhaust,
brake wear, tire war). EMFAC2017 outputs were converted to SM@ay format using a

Perl script developed by BAAQMD staff.

For point sources, ARB emissions estimates for BAAQMD counties were replaced by detailed,
in-house data prepared in California Emission Inventoryel@ment and Reporting System

(CEIDARS) format. These point source emissions data were representative of calendar year

2012 and were projected to 2016 using indusinf JSOA FA O INB GG K FIF OG2NB T
Emissions Projection Analysis Model (CERPANB CEIDARS data were converted to SMOKE

ready format using a Perl script developed by BAAQMD staff.

. A23SYAO0 SYAaaArzya SaldAyYlidiSa 6SNB LINBLI NBR dzi
(BEIS), version 3.61, which estimates emissions from vegetanio soil using land use data;

2 Area sources are stationary sources sashiry cleaners that are too small or numerous to treat as individual
point sources.
3 Seehttp://www.arb.ca.gov/app/emsinv/20160zsip/20160zsip/



http://www.arb.ca.gov/app/emsinv/2016ozsip/2016ozsip/)

vegetationspecific emission rates for isoprene and other species; and gridded, hourly
meteorological data from the WRF model.

3.1.1 SMOKE Processing

Emissions inventory data assembled from the sources described abovewerssed through

version 4.5 of the SMOKE emissions processor to develop €8&88Q emissions inputs for

SIFOK RIF& 2F Hnanmcd {ahY9 dzaSa (GKS LINROSaaAiAy3ad a
emissions inputs to the spatial, temporal, and chemical resolugguired by CMAQ or an

equivalent air quality model.

Table 3.1: Summary of data sources used to develop the 2016 modeling inventories.

Region Source Sector | Data Source
BAAQMD Countiés Area ARB countjevel emissions estimates, with
adjustments made to residential wood combustig
emissions
Nonroad ARB countjevel emissions estimates
Onroad Countylevel, monthspecific EMFAC2017 outputs
Point In-house CEIDARS data
Biogenic | 2dzNX @ 2dziLJzia FNRY 9t
NonBAAQMD Counties | Area ARB countjevel emissions estimates
Nonroad ARB countjevel emissions estimates
Onroad Countylevel, monthspecific EMFAC2017 outputs
Point ARB facilitjevel emissions estimates
Biogenic | 2 dzNX & 2 dzi LIBEISV3.61 M@l 9t

aAlameda, Contra Costa, Marin, Napa, San Francisco, San Mateo, and Santa Clara counties, plus the southern
portion of Sonoma County and the western portion of Solano County.

Spatial allocation

SMOKE assigns county facility-level emissns to individual grid cells in the modeling

domain. For point sources, emissions are assigned to grid cells based on the location

coordinates (i.e., latitude and longitude) of emission release points. For ctendglarea,

nonroad, or onroad emissions&mates, SMOKE allocates emissions to grid cells using spatial
Fff20FGA2y FFOU2NBR RSOSt2LISR FNRBY aGadz2NNR3IFGSeE
socioeconomic data. Geospatial data sets used to develop the surrogates used in SMOKE

include land use da from the Association of Bay Area Governments (ABAG) (Reid, 2008). For
O2dzyGASa Ay (GUKS S5AAGNAOGQ&E 2dzNA & RnmQridA 2y = 3INAR
resolution. However, for counties outside the District, ol surrogate data were avable,

so these data were parsed to create a set of pseudtanlsurrogates.

Temporal allocation

SMOKE assigns annualized or average day emissions to the specific dates and hours being
modeledusingtemporal profiles that reflect sourespecific activity ptierns by month, day of

$SS1Z FYR K2dzNJ 2F RIF&@d ¢SYLRNIf LINPFAESA FTNRY
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temporally allocate area, point, and nonroad mobile source emissions. For onroad mobile
sources, temporal profiles that ARB developed frosnQalifornia Air Resources Board Vehicle
Activity Database (CalVAD) were uéed.

Chemical speciation

SMOKE disaggregates total organic gas (TOG) apeldPiksions into a series of model species
that CMAQ uses to represent atmospheric chemistry. For @6 ZMAQ modeling, speciation
profiles developed for the SAPRCO7 chemical mechanism were applied to TOG emissions from
all sources, and profiles developed for the AEROG6 aerosol module were applied 0 PM
emissions from all sources.

The SMOKE systemidZRS & |y AYLX SYSydlFdAz2y 2F 9t! Qa . A23
(BEIS), version 3.61, which estimates biogenic emissions using land use data; vegetation specific
emission rates for isoprene and other species; and gridded, hourly meteorological data from

the WRF model. BEISv3.61 was run within SMOKE to prepare 2016 biogenic emissions estimates

for the 1-km modeling domain.

Once SMOKE runs were completed, a number of quality assurance checks were performed on
the resulting emissions data. Firptpts of gridded emissions were generated to examine the
spatial distribution of emissions. Similarly, diurnal plots were generated to examine hourly
variations in emissions by source sector and to ensure that the patterns make sense. In

I RRA G A 2 YSMKREPORTUEG was used to generate tabular summaries of emissions by
pollutant, county, grid cell, hour, and source category. This information was used in a variety of
ways, including:

1 Comparing emissions before and after key processing steps to etiairany changes
in the mass of emissions make sense. For example, for counties that only partially lie
within the modeling domain, total emissions should decrease after the gridding step.

1 Sorting emissions by source category code (SCC) or facilitydéntidy key contributors
to total emissions for each pollutant and to identify potential outliers.

1 Summarizing emissions by pollutant and county to ensure that geographic distributions
make sense (e.g., $@missions are highest in Contra Costa Countyre/nefineries are
concentrated).

1 Extracting emissions for grid cells in the West Oakland AERMOD modeling domain to
identify key sources and compare emissions by source sector with the District as a
whole.

These checks identified several issues, incluBidgs hotspots at two landfills in eastern
£ YSRI [/ 2dzyGed hdzNJ Y2RSt SNA 62NJ] SR gAGK adl ¥
Exposure Assessment section to correct the emissions from these and other point sources.

4The CalVAD database fuses availalle dources such as Caltrans WeilgtMotion (WIM) data and Highway
Performance Monitoring System (HPMS) data to produce a best estimate of vehicle activity by class.

11



3.1.2 Emissions Summaries

Thissubsection provides emissions density plots and summary tables fog, Rl similar

information for additional pollutants can be found in Appendix B. Figure 3.1 shows annual

average PMsemissions for the .km modeling domain. Table 3.2 summarizes thaual

average PMsemissions by county and source sector, as reported by the SMOKE emissions
Y2RSt® 2 A0KAY (GKS 5AadNR @Qdiefissiord tabI8ZH7Ronpéerdadyy = |y
(tpd). The area source sector accounts for about half of tha {7 tpd), and individual source
categories that are key contributors to total B¥emissions include residential wood

combustion, fugitive dust from roadways and construction sites, and commercial cooking.

PM2.5 Emissions
Ann_Avqg (Ibs/day)
0-5
s
10-25
25-50
50-100
B 100 200
I 200 -300
I 200-1750

Figure 3.1: Spatial distribution of anfeverage PMs emissions for the km modeling domain.
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Table 3.2: Summary of 2016 PMnthropogenicemissions (tpd) by geographic area

and source sector.

Geographic Area Area Nonroad | Onroad Point Total
Alameda 3.0 0.5 14 1.3 6.2
Contra Costa 3.1 0.5 0.8 4.2 8.7
Marin 0.8 0.2 0.2 0.1 1.3
Napa 0.8 0.2 0.1 0.1 1.2
San Francisco 1.2 1.0 0.3 0.1 2.7
San Mateo 14 0.5 0.5 0.4 2.7
Santa Clara 3.9 0.6 1.3 0.7 6.5
Solané 1.3 0.1 0.3 0.5 2.1
Sonomé& 14 0.3 0.3 0.2 2.2
BAAQMD Subtotal 17.0 3.9 5.2 7.5 33.7
NonBAAQMD Countiey 23.7 2.2 2.9 2.4 31.2
Domain Total 40.7 6.1 8.0 9.9 64.9

aEmissions totals for Solano and Sonoma counties only include the portion of those counties in
2dZNAaRAOQUAZY ®

.!I'lvabQa

For the West Oakland AERM@1ddeling domain, annual average Pi¢missions total 0.3

tpd, or about 1% of the BAAQMD total. Figure 3.2 shows that the distribution of emissions by
source sector in West Oakland differs from the District as a whole. In West Oakland, onroad and
nonroadmobile sources account f@6% of total PM.s emissions, while the same sources only
account for 27% of total PM emissions districtwide. Figure 3.3 shows the spatial distribution

of PMbs emissions across thekim grid cells that coincide with the loes¢éale AERMOD

modeling domain.

BAAQMD PM2.5 Emissions
(Total = 33.7 tpd)

Point
22%

Onroad
15%

Nonroad
12%

Area
51%

West Oakland PM2.5 Emission:
(Total = 0.35 tpd)

Area
24%

Point
10%

Onroad
35%

Nonroad
31%

Figure 3.2: Pk emissions by source sector for the District (left) and West Oakland (right).
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0 05 1
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Figure 3.3: Spatial distribution of annual average P&missions in West Oakland.
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3.2  Meteorological Modeling

TheWeather Research and Forecasting (WRF) Model version 3.8 was used to prepare
meteorological inputs to CMAQ. Four nested modeling domains were used (Figure 3.4). The
outer domain covered the entire western United States ak86horizontal grid resolutionot
capture synoptic (largscale) flow features and the impact of these features on local
meteorology. The second domain covered California and portions of Nevadakat 12
horizontal resolution to capture mesoscale (s@gional) flow features and their inggts on

local meteorology. The third domain covered Central Californiakamh 4esolution to capture
localized air flow features. Thekén domain included the Bay Area, San Joaquin Valley, and
Sacramento Valley, as well as portions of the Pacific Oceatharierra Nevada mountains.
The fourth domain covered the Bay Area and surrounding regionsgat tesolution. All four
domains employed 50 vertical layers with thickness increasing with height from the surface to
the top of the modeling domain (about ¥8n).

Meteorological variables are estimated at the layer midpoints in WRF. The thickness of the
lowest layer nearest the surface was about 25 m. Thus, meteorological variables near the
surface were estimated for a height of about 12.5 m above ground.|&he model

configuration was tested using available physics options, including: (1) planetary boundary layer
processes and timbased ewlution of mixing heights; (2) choice of input database for WRF; (3)
four-dimensional data assimilation (FDDA) strate@) horizontal and vertical diffusion; (5)
advection scheme; and (6) initial and boundary conditions. The final choice of options was the
one proved to best characterize meteorology in the domain.

WRF was applied for 2016 to estimate parameters reguing the air quality model, including
hourly wind speed and direction, temperature, humidity, cloud cover, rain and solar radiation
levels. Observations are assimilated into the model during the simulations to minimize the
difference between simulations drreatworld measurements. Two types of nudging methods
were employed (analysis and observation). The NCEP North America Mesoscale (MAM) 12
analyzed meteorological fields were used for analysis nudging as well as for initializing the
model. The NCEP Alobal Surface and Upper Air Observational Weather Data were used for
observational nudging. A list of these stations for thkend domain is given in Appendix A.

The analysis nudging was applied to thekd® and 12km domains. Frequency of surface

analyss nudging was every three hours, while the frequency of 3D analysis nudging was every
six hours. The 3D analysis nudging of winds was performed over all model layers, but the 3D
analysis nudging of temperature and humidity was limited to layers abovplémetary

boundary layer. The observation nudging of wind was applied to all four domains every three
hours.

The WRF model was rigorously evaluated for accuracy. Observations used to evaluate WRF
GSNB (F1SYy FTNRBY GKS 9t ! Q& tedrdigicaldzetiorkiaddthed 4 G SY X
National Climate Data Center. A list of these stations for thenldomain is given in

AppendixA. Hourly and daily time series plots of observed and simulated wind, temperature
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and humidity were generated at each observatgiation and compared to each other hour by
hour and day by day. Simulated hourly areal plots of wind, temperature, humidity, planetary
boundary layer height, pressure and other fields were generated and quantitatively compared
against observations where sbrvations were available.

WPS Domain Configuration

50°N

45°N

40°N

35°N

30°N

25°N

135°W 130°W 125°W 120°W 115°W 110°W

Figure 34: Nested WRF modeling domains.

These plots were also qualitatively evaluated for known meteorological features of the

modeling domain, especially atkdn and 1km resolutions. These features include slopevBp

channeled flows, sea breeze atav-level jet The vertical profile of observed and simulated
meteorological fields wscompared at several upper air meteorological stations, including

Oakland, Medford, Reno and Las Vegas, and at a temporary station established at Bodega Bay.
w!la. h[[Q&a a9¢{ ¢! ¢ LINPANIY O69YSNE Si IfdX Hnnm
performanceof WRFThe statistical metrics used in this evaluation are defined in Appendix C.

The WRF model performed reasonably well in every evaluation category. The estimated bias,

gross error, root mean square error (RMSE), and index of agreement (IOA) are withi
established criteria for acceptable model performance for every day of 2016. In other words,
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performance obtained from the Bay Area applications of WRF is similar or slightly better than
performance obtained from applications elsewhere, available freendiure.

Performance statistics were generated for all days of 2@a6nples from ten winter (December
1-10) and ten summer (July1D) days are showin Table 3, while Table 3.4 shows maximum
and minimum skill scores of WRF for all of 2016.

Simulated and observed wind speed, wind direction, temperature and humidity, for both hourly
and annual time periods, were compared at each station. Time series comparisons for West
Oakland, Vallejo and San Jose are shown in AppendixegSe threestationswere selected

because West Oaklandtlee area of interest for this study. Vallejo is strategically located in the
Delta to capture air flow between the Bay Area and the Central Weflan Jose is an important
sub-region of the Bay Area representing fiatvs. Good model performance at Vallejo and San
Jose is critical to simulate representative meteorological features in West Oakland.

The WRF model was also compared against upper air measurements at Oakland, a site
operated by the National Weather Semwiwith twice daily upper air measurements and at

Bodega Bay, a temporary site established by the California Baseline Ozone Transport Study with
daily ozonesonde and meteorological measurements. Simulated winds, temperatures and
humidity matched these uppeaair measurements very well. Details can be found in Appendix C.

Table 33: Sample (December1l0 and July 410) statistical scores of WRF.

t F N} YS{aSdNR Units| MHK| MHK| MHK| MHK| MHK| MHK| MHK| MHK| MHK| MH K

2AYR {Ll. Al a m/s)| m Py md mPY mP( M P MmP MmP] mP( mPq M P

2AyYR {LUDNRaa| (ms)| mdH mdd md] mMmd] ndd MdON MDN Mmdrf ndd mPd

2 AyYR {lUwa{9 m/s)| m®q HPs MP| MP|] MPH MP MPT MDY MDPN MOD]

2AYR {ULh! -2 nNotn nd1 ndg ndg ndgd nd NP1 ndP] Nndg n P
2 AYR 5A. Al a (deg)| HDPH Md( © d1 o Pl NndPTT MO o0dPH pdj © P( Cc Pr
2 AYR S5ADNRAaA&| (deg)loHdH HndE pTaHnpdnHdd noB oHA pndl oy & HH G
¢CSYLISNI. Al a Ky | MmO®H MOPH HDP{ ndYy ndd MDPT HDJ NndT m D¢ m P(
¢CSYLISNIDNR&AE| (K)Y|oHA MDPT HDPG MPr MON MPY HDPH Mmdg mP n dg
¢SYLISN¥wa{9 K| HPS] HDPH 0P| MDY MPP HDOM HPT HDJ] MDY MDN
¢SYLISNILhIh! -2 | nodd ndd ndy ndd ndd NPy Dy ndyY ndyY n by
Parameter Metric Units| 7/01 | 7/02 | 7/03 | 7/04 | 7/05 | 7/06 | 7/07 | 7/08 | 7/09 | 7/10

2AYR {U. Al & (m/s)| 0.96| -1.12| -0.96| -1.15| -1.04| -0.95| -1.08| -0.91| -1.27| -0.91
2 A ySReed |GrossErrol (m/s)| 1.35| 1.48 | 1.37| 1.53| 1.44| 1.43| 151 | 141 | 1.7 | 1.44

2 Ay R {Uwa{9 | (ms)| 1.81| 1.91| 1.77| 2.02| 1.99| 1.86| 2.01| 1.8 | 2.26| 1.88
2 X ySReed |IOA ~a | 071| 076| 0.75| 0.71| 0.71| 0.75| 0.71| 0.7 | 0.71| 0.74
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2 A yDR Bias (deg)| -0.16| 0.36 | -3.34| -1.97| -3.95| -1.52| 0.97| 3.73| 3.51| 4.82
2 Ay R 5 AGrossErrol (deg)| 28.1| 27.05| 24.63| 27.85| 24.76| 23.07| 20.44| 21.91| 21.83| 28.44
Temperature | Bias (K) 13| 147| 024 039| 12 | 1.09| 0.87| 0.34| 0.06| 0.59
Temperature | Gross Errol  (K) 1.89| 1.9 121} 114 | 158| 1.36| 1.12| 1.14| 0.87| 1.17
Temperature | RMSE (K) | 243 | 2.34| 156| 1.48| 199| 169| 139 | 1.43| 1.09| 1.54
Temperature |IOA -2 | 097| 096| 098] 098 | 096| 097 | 0.98| 0.98| 0.99| 0.98

aThe Index of Agreement (IOA) is a dimensionless quantity.

Table 34: Maximum and minimum statistical scores of WRF for 2016.

Parameter Metric Units Max Min
Wind Speed Bias (m/s) 1.02 -0.99
Wind Speed Gross Error (m/s) 2.03 0.57
Wind Speed RMSE (m/s) 2.5 0.76
Wind Speed I0A -- 0.92 0.4
Wind Direction Bias (deg) 14.84 -12.56
Wind Direction Gross Error (deg) 81.37 13.5
Temperature Bias (K) 2.99 -1.62
Temperature Gross Error (K) 3.24 0.72
Temperature RMSE (K) 5.22 0.9
Temperature I0A -- 0.98 0.47
3.3 Air Quality Modeling

I ANJ ljdzl £ A&
(CMAQ) modeling systewersion 5.2. Two nested domains were used. The outer domain

Y2RStAY3 &

I a

O2y RdzOG SR dzaiy3

coincides with the third domain of the meteorological model and covers the Bay Area, San
Joaquin Valley, and Sacramento Valley, as well as portions of the Pacific Ocean and the Sierra
Nevada mourdins at 4km horizontal resolution. The inner domain covers the Bay Area and
surrounding regions at-km horizontal resolution.

Both CMAQ modeling domains had 28 vertical layers. Below 1,500 m, the CMAQ layers match
the WREF layers, while some updewelmeteorological model layers above 1,500 m were
collapsed while preparing meteorological inputs for CMAQ to reduce computational time. This
is a common practice in air quality modeling, as pollutant levels in layers aloft are relatively low
and do not sigticantly impact concentrations at the surface. The thickness of CMAQ model
layers was also increasing with height from the surface to the top of the modeling domain
(about 18 km). The thickness of the first layer of CMAQ was kept the same as in WRF (about
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25m), meaning that pollutant concentrations are estimated at around 12.5 m above the
surface (the midpoint of the first layer).

The outer domain provides initial conditions and hourly boundary conditions to-#ra 1
domain. As a result, the innélomain accounts for the contribution of emissions sources
outside of the Bay Area to Bay Area PM levels. The outer domain was initialized and its
boundary conditions were updated every six hours using outputs from a global air quality
model (MOZART), availe from the National Center for Atmospheric Research (NCAR).

CMAQ simulates both primary and secondary.BMith secondary Pl formation being
dependent upon photochemistry. The chemical mechanism used in this simulation was the
Statewide Air Pollubn Research Center version 2007 (SABRGnechanism. Secondary PM
formulation was simulated using the Mode€3sAE6 aerosol module.

Each month was simulated separately to distribute simulations over 12 computer nodes for
computational efficiency. Each mthly simulation includes the last three days of the previous
month as a spiup period except for January, which includes the last five days of December
2015. Model outputs from the spinp periods were not used in analyses.

3.3.1 CMAQ Evaluation

The CM\Q model was rigorously evaluated for accuracy. Observations used to evaluate CMAQ
GSNBE GF1Sy FNBY (KS 5AadGdNROGQa 5141 alyl3aSySy
Hourly and daily time series plots of observed and simulatedsRghcentrations wee

generated at each observation station and compared to each other hour by hour and day by

day. This evaluation also provided an opportunity to identify gaps in measurements and

outliers. Hourly, daily, monthly, quarterly and annual average spatial pfdand precursor
concentrations were generated for observed and simulated values, and simulated values were
guantitatively compared against observations where observations were available.

These plots were also qualitatively evaluated for known air gutdatures that may be
impacted by meteorology, emissions, chemistry and other environmental parameters.
Examples include local and regional transport of pollutants, proximity of polluted areas to
emission sources such as freeways, and the behavior adsgaheric chemistry.

Various statistical metrics were used to evaluate the performance of CMAQ. Standard statistical
YSI A&dzNB&a dzaSR F2N) /al!v S@FfdzrdAzy NS RSAONROG
2018) and in Appendix D. These metrics were agpbe daily average simulated BN

concentrations over quarterly and annual periodibe CMAQ model performed reasonably

well, meeting the performance goals proposed by Boylan and Russell (2006) and criteria by

Emery et al. (2017), two wethown referenes for PM model evaluation. Figure 3.5 shows

fractional bias, fractional error, normalized mean bias and normalized mean errquéoterly
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and annual periods. The performance goals (dashed lines) and criteria (solid lines) are also
shown in the figure aseferences.
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Figure 3: Quarterly and annual pdormance statistics for simulated RMoverthe 26 air monitoring
sites within the 3km modeling domain with performance goals (dashed lines) and criteria (solid lines)
proposed by Boylan and Russell (2006) and Emery et al. (2017). FB stands for fractional bias, FE
fractional error, NMB normalizeghean bias and NME normalized mean error.

Additional comparisons between simulated and observed Pafle discussed in Section 4

(Results) and in Appendix D. These comparisons largely focus orséheeted Bay Area sites
(West Oakland, Vallejo and Sasdpthat are particularly relevant to West Oakland study.
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4. Results

Comparison between the annual average simulated and observed &vcentrations (Figure
4.1) shows that the CMAQ model generally captured the observeg; padtern within the %

km domain. High concentrations in both simulations and observations are evident in the
northern San Joaquin Valley, along tH&8D and 4880 corridors from Richmond to the Oakland
Airport, along the-101 corridor near Redwood City, and in the San Jose metropolitanlarea
the Sacramento area, the model shows overestimation biases ang E&Mcentrations do not
compare as well to observatioms in the Bay Area. For Sacramento and other counties outside
GKS . 1@ I NBlIZT S NBfASR 2y GKS !w. Qa SYAaaarzy
may be warranted.The model also shows high concentrations along #8&0 corridor from
OaklandAirport to San Jose and along the Delta from Antioch to Brentwood, although
observations are unavailable in these areas.

Site by site comparisons between the model predictions and observations (Figure 4.2) show
that at most Bay Area sites, tlsgmulated annual average BNlconcentrations are withirt1.0
ug/m? of observations. At a few sites (Concord, Oakland and Gilroy), the annual average PM
concentrations were overestimated, and at one site (Napa), the annual average PM
concentration wa underestimated by as much as pgm?3.

Further analyses of model output showed that at sites with overestimateglsPidth primary

and secondary Ph& concentrations appear to be overestimated. This suggests that there may
be multiple causes of overation. Primary Plyls concentrations can be overestimated due

to overestimation of emissions, transport, and stability of the atmosphere. Secondaryd2l

be overestimated due to overestimation of precursor emissions, chemical conversion of the
precursors to PM, transport of secondary Rbbr its precursors, and stability of the
atmosphere.

Underestimation of Plyls at Napa is likely due to an underestimation of wood burning
emissions or the transport of wildfire emissions to the North Bay. Wiléfinessions are not
included in the modeling emissions inventory.

Figure 4.3 shows timseries plots of observed and simulated daily-B®bncentrations at

three key Bay Area sites relevant to the West Oakland study: West Oakland, Vallejo and San
Jose. It is evident from this figure that PMs generally overestimated during winter months
and underestimated during summer monthsowever,on a monthly average basisig CMAQ
model is generally able to replicate the mortirmonth variation in observed PM
concentrations in West Oakland (Figyrd). The somewhat significant underestimation in
September is likely due to lack of wildfire esions in the CMAQ simulations.

During winter months, especially in February, the atmosphere is relatively sunny, calm and cool
in the Bay Area, ideal conditions for the formation of secondary PM and for allowing
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ammonium nitrate to remain in particle fo. All of these suspected causes of overestimation
are under further investigation and evaluation.

Wintertime overestimation and summertime underestimation of 2Ndy the WRFCMAQ
couple have also been reported elsewhere, and developers of the modsiatgm are aware
of this problem (Appel et al., 2017; Simon et al., 2012). Efforts are underway by the model
developers and District staff to minimize errors and to improve model performance for both
winter and summer.
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Figure 4.1: Spatial distributiorf simulatedand observednnual average PM concentrations within
the 1-km modeling domain.
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Figure 4.2: Annual mean observed vs. modeled fidncentrations at monitoring sites within thekin
modeling domain. The annual means are calculated over the days with valid observations. The number
of valid observations is shown in parentheses for each site. The Berkeley site is missing observations fo
January through Jung&@wo Sacramento sites (Hi#h Department- Stockton Blvd. and309 T Street)

have observations every®3lay. The Roseville and Woodland sites have observations eVedgay The
Sacramente Bercut Drive site has data only for Detdger, so its annual mean is not shown
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Figure 4.3: Timseries plots of observed vs. modeled daily.Rkbncentrations at (a) Oakland West, (b)
Vallejo, and (c) San Jose monitoring sites.
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Figure4.4: Monthly average simulated and observed f2doncentrations in West Oakland.

4.1  Estimating Background PMin West Oakland

As mentioned in Section tve have simulated pollutant concentrations at &rh horizontal
resolution over the entire Bay Area for 2016 (base case). Then we repeated the simulation with
all anthropogenic emissions removed from the modeling inventory infest Oakland source
domain (control case), leaving all other model input parameters unchanged.

Figure 4.5 shows the annual average-BRbncentrations for the base case within the West
Oakland receptor domain. The highest and lowest annual average &wvcentrations are 9.3
ug/m3and 7.1ug/m3, respectively. A concentration gradient is evident within the domain. Cells
with relatively hgher concentrations extend along the eastern boundary and northwestern
corner of the domain. A concentration gradient is also evident in the West Oakland community,
an area within the red border in the figure. The eastern half of the community has slightly
higher concentrations than the western half.

The spatial distribution of the annual average RMoncentrations is similar to the spatial
RAAUNAROGdzAAZ2Y 2F 2Sad hl(1flyRQa SYAadaaraz2ya oCA13
corner of the West @land domain has the highest emissions and concentrations. The cell

Ff2y3 GKS &a2dzi KSNY o02dzyRINE ¢ jughR) alsok&s the NB I Qa
lowest emissions (1.4 day).

Figure 4.6 shows the annual average-BRbncentrations for theontrol case, i.e., a simulation
gAGK2dz0 2SadG hi1ftlFlyRQa YUGKNRLR2ISYAO SYAaaArzy
in the annual average concentrations decreased significantly in the absence of West Oakland
emissions across the receptor domalie location of the maximum annual average,BM

concentrations has shifted from Chinatown to near the Bay Bridge, suggesting the influence of
transport from the northwest corner of the domain.
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Figure 4.7 shows the difference between the base and conasés. Based on the figure, the
Chinatown area would benefit the most (21§m?3) from zeroing out all anthropogenic

emissions in the West Oakland source domain. The West Oakland community (within the red
border) would benefit by Pl reductions rangingrbm 0.8ug/m3to 1.7 ug/m3. The southwest
corner of the receptor domain would be the least benefitted area, with a reduction of about 0.5

Hg/m?.

Note that these PI¥ls concentrations and reductions represent the average value across a 1x1
km grid cell. Hjher concentrations and reductions are possible at the-gud cell level, and
these finerscale gradients will be investigated with losahle AERMOD modeling.

Bias in the simulated annual average f2/oncentrations for both base and control cases ar
expected to be similar. Since reductions are estimated from the difference between the two
simulations, the impact of model bias on estimated reductions is expected to be insignificant.
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Figure 45: Spatial distribution of the simulated annuwalerage PMs concentrations in the West
Oakland receptor domain (base case).
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Figure 46: Spatial distribution of the simulated BMO2 y OSY i N} A2y a @A GK2dzi 2 Sa
anthropogenic emissions (control case).
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Figure 47: Difference between the sialated annual average base and control case #M
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Appendix Ac Observational Data
Al. Description of Observations

Table Al lists all aerometric statiow#thin the 1-km modeling domaifrom which data were

used in this study. It also showatasourcesgdatatypes, and purpose of théata. Under the
monitoring location column, the first two subsections list Rdtations within and outside of

the Bay AreaThe subsequent subsections list meteorological measurement stations within and
outside of the Bay Aredollowed by a list of upper air measurement stations. Meteorological
measurement stations within the Bay Area are further separated based on whetimert they

are operated by the District. Some stations measure both £aid meteorology. These

stations are listed under bottihe PMp.s and meteorology measurement sections and identified
through checkmarks under columns titléBMe and dMet.€

Hourly PM sand meteorologicatiata were obtained from the Distrita 5 F G al yIF 3SYSy
System (DMSh October 2018andhourly PM sand meteorological data were obtained from

GKS | o{ & 9t ! QaAQS)alarourdrthé sametimdodriy hedevriogical data

were also obtained fronthe NCAR/UCAR ADP data archive and twice daily upper air data were
200FAYSR FNRY bh! ! Qa bl A2yttt [/ EfAYFGAO 5F4F /

The ADP and National Climatic Data Ced#ta were used for the foudimensional data
assimilation (FDDA) in the WRF model. FDDA is a method to nudge the WRF esodis|

towards observations. The WRF model includes a-pastessing utility computer program

that prepares the ADP and NCDC data for FDDA. The utility program also quality assures and
guality checks both the ADP and National Climatic Data Cdate. Meteorological data from

the othersources listed in Table Adere not used in FDDA because they do not include
pressure, which is required for the nudging process. All the observed mebgical data listed

Ay (KS 02t dzWefeused far WRRmodeh @liflation using a software tool called
METSTAT. The METSTAT program has a modaleplgingconsistency cheslto the data

being used.

PM s data obtainedrom DMS and AQwere compared against each other and no differences
were found. PMsdata were used for both data analysis and CMAQ model validation. For
consistency imata format, only data downloaded fromQSwere used for data analysis and
model validation.

As expained in the main text of this document, tinseries and spatial plots of simulated and
observed hourly Phk concentrations were generated and compared against each othes. Thi
process allowed identification @faps and outliers in the PN data. Statigical formulas were
developed in an Excel spreadsheet to evaluate the observations, such as assessing gaps in
measurements, calculating daily, monthly, seasonal and annual averages, and assessing high
and low values. Statistical formulas were also devetdbjp assess bias, normalized bias and

root mean square error in simulations by comparing simulated values to observations.
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Table Al: Description of observations used in this study.

Monitoring Location Source| PM Met (ws, | FDDA| Model Validation
wd, t, rhy* WRF | CMAQ

San Francisco Bay Area PM Stations

Berkeley Aquatic Park DMS X X

Concord DMS X X X

Gilroy DMS X X

Laney College DMS X X

Livermore DMS X X X

Napa DMS X X X

Oakland DMS X X

Oakland West DMS X X

Redwood City DMS X X

San Francisco DMS X X

San JoseJackson DMS X X

San JoseKnox Avenue DMS X X

San Pablo DMS X X

San Rafael DMS X X

Sebastopol DMS X X

Vallejo DMS X X X
PM Station®utside the San Francisco Bay Area

Manteca AQS X X

Roseville N Sunrise Ave AQS X X X

Sacramento Health Departmengtockton | AQS X X

Blvd.

Sacramente 1309 T Street AQS X X X

Sacramentoe Bercut Drive AQS X X

Sacramente Del Paso Manor AQS X X X

San Lorenz®alley Middle School AQS X X

Santa Cruz AQS X X

Stockton- Hazelton AQS X X X

Woodland- Gibson Road AQS X X
BAAQMD Met Stations

Bethel Island DMS X X

Chabot DMS X X

Concord DMS X X X

Fairfield DMS X X

Ft. Funston DMS X X

Livermore DMS X X X

Napa DMS X X X

Oakland STP DMS X X

Patterson Pass DMS X X

Pleasanton DMS X X

Pt. San Pablo DMS X X
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Monitoring Location Source| PM Met (ws, | FDDA| Model Validation
wd, t, rhy* WRF | CMAQ
Rio Vista DMS X X
San Carlos DMS X X
San Martin DMS X X
San Ramon DMS X X
Sonoma Baylands DMS X X
Vallejo DMS X X X
Valley Ford DMS X X
NonBAAQMD Met Stations in thafArea
Berkeley Lab DMS X X
Concord KCCR ADP X X X
Hayward KHWD ADP X X X
Livermore KLVK ADP X X X
Moffett NASA/Mountain View KNUQ ADP X X X
Napa KAPC ADP X X X
Novato KDVO ADP X X X
Oakland KOAK ADP X X X
Palo Alto KPAO ADP X X X
Petaluma KO69 ADP X X X
San Carlos KSQL ADP X X X
San Francisco KSFO ADP X X X
San Francisco STP DMS X X
San Jose KSJC ADP X X X
San Jose/Reid KRHV ADP X X X
San Martin KE16 ADP X X X
Santa Rosa KSTS ADP X X X
Travis AFB KSUU ADP X X X
Met Stations Outside thealg Area
Davis- UCD Campus AQS X X
Davis KEDU ADP X X X
ElkGrove- Bruceville Road AQS X X
Half Moon Bay KHAF ADP X X X
Hollister KCVH ADP X X X
Lincoln KLHM ADP X X X
Mather Field KMHR ADP X X X
McClellan AFB KMCC ADP X X X
Modesto KMOD ADP X X X
Roseville N Sunrise Ave AQS X X X
Sacramente 1309 T Street AQS X X X
Sacramentoe Del Paso Manor AQS X X X
Sacramento KSAC ADP X X X
Salinas KSNS ADP X X X
Sanford MUNI KSMF ADP X X X
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Monitoring Location Source| PM Met (ws, | FDDA| Model Validation
wd, t, rhy* WRF | CMAQ
Stockton KSCK ADP X X X
Stockton- Hazelton AQS X X X
Tracy- Airport AQS X X
Vacaville KVCB ADP X X X
Watsonville KWVI ADP X X X

Upper Air Stations
Oakland Sounding | NCDC | \ X | x [ x

*ws=wind speed; wawind direction; ttemperature; riFrelative humidity.

A2. Spatial Distribution of Observation Stations

Figure Alshows spatial distribution of meteorological observation stations in tfenl

modeling domain. They are grouped based on whether they are operated by BAAQMD or other
agencies (notBAAQMD) and whether they are inside or outside of the District boundaries.
BAAQMD sites collocated with BMmeasurements are also marked.

The spatial distribution of PMmonitoring stations in the -km modeling domain is shown in
Figure A2. These stations are grouped based on whether they are inside or outside of the
Districtboundaries. All stations within the District are operated by the District.

Note that both the meteorological and air quality models have nested domains. Meteorological
and air quality measurements outside of théth domain were obtained from various

databases and used for FDDA and model evaluation along with data forkimedbmain. These
data are stored on modeling computers and are available on request.
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Appendix B¢ Emissions Inventory

This appendix provides additional detailstbe development of emissions estimates for resi-
dential wood combustion, an important PM2.5 source during winter pollution episodes. This
appendix also contains additional summary tables and emissions density plots that characterize
the emissions inventorysed for the 2016 CMAQ modeling.

B1l. Residential Wood Combustion

ARB emissions estimates for residential wood combustion are based on deuatypopula-

tions of fireplaces and woodstoves, wood consumption rates by device type, and emission fac-

tors that represent the quantity of emissions per ton of fuel burned. Wherssible, ARB esti-

mates device populations and wood consumption rates using local survey data, such as data

02t t SOGUSR Fa LINI 2F GKS 5Aa0NAROGQa { LI NB GKS
wood combustion emissions estimates for the Distwetre compared to internal estimates de-

rived from survey data, as well as estimates from neighboring air districts.

Figure B1 shows annual average2Bmissions from residential wood combustion for the two
BAAQMD inventories, as well as inventoriestfiar Sacramento Metropolitan Air Quality Man-
agement District (SMAQMD) and the San Joaquin Valley Unified Air Pollution Control District
(SJVUAPCD). The internal BAAQMD inventory is somewhat higher than the ARB inventory for
BAAQMD, and both BAAQMD invengsriare significantly higher than emissions estimates for
SMAQMD and SJVUAPCD. After additional investigations and discussions with ARB, it was deter-
mined that:

T 'w. Q@sSvVadaarzya SadAYlFraSa F2N gAYyGSN O2YLI N
GAYFGSAT K2SOSNE (KS 5A3a0NRAOGQa SadAaylridSa
GAYGSNI adzNBSe NBadzZ ta olFaSR 2y (GSYLISNI GdzNB
timates.These summer estimates do not appear to be realistic and result in the higher
annual average PMS YA daA2ya Ay (GKS 5Aa0NAOGQA Ay (SN

1 Higher residential wood combustion emissions estimates for BAAQMD relative to
SMAQMD and SJVUAPCD likelyltésom a failure to account for the impact of the Dis-
GNRAOGQ&A {LINB GKS ' ANJtNRINI YD

FASR 2y (KSAaS FAYRAy3IAS Al 634 RSOARSR GKI
the District would be reduced by 50% as an initial estimate of the impacttoS 5 A & G NA Ol Qa
the Air program. Figure B2 shows the final monthly averages®ihissions from residential

wood combustion that were included in the CMAQ modeling inventories. Monthly average

emissions range from 0.20 tpd in August to 8.39 tpd muday, with an annual average of 3.93

tpd.
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Figure B2: 2016 monthly average Pyédmissions for BAAQMD from residential wood combustion.
B2. Emissions Inventory Summaries

This section provides additional summary information on the emissions inventory used for the
2016 CMAQ modeling. Tables B1 through B4 show emissionsyafdedtursors (TOG, NO

SQ, and NH) by geographic area and source sector. Key sources of TOG emissions include
landfills, natural gas transmission losses, petroleum refining, and solvent usage. Key sources of
NGO emissions include onroad and nonroad melsburces, especially dieggbwered vehicles.
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Key sources of S@missions include petroleum refining and ocegoing vessels. Key sources
of NHs emissions include farming operations such as livestock waste and fertilizer application.

Table B1: Summaryf @016 TOG emissions (tons/day) by geographic area and source sector.

Geographic Area Area| Nonroad| Onroad Point Total
Alameda 42.6 8.0 12.4 64.1 127.1
Contra Costa 51.0 6.3 7.7 43.9 109.0
Marin 16.2 2.9 2.5 15.2 36.8
Napa 6.8 1.9 1.4 3.6 13.6
SanFrancisco 18.1 6.2 2.9 3.0 30.2
San Mateo 18.9 7.1 4.4 25.1 55.5
Santa Clara 57.6 8.1 12.2 50.8 128.7
Solano 14.3 2.1 2.6 8.7 27.7
Sonoma 254 3.0 35 9.1 41.1
BAAQMD Subtotal 251.0 45.6 49.6 223.4 569.6
NonBAAQMD Countie 502.5 22.7 29.0 80.9 635.1
Domain Total 753.5 68.3 78.6 304.3| 1,204.7

Table B2: Summary of 2016 Ngpnissions (tons/

day) by geographic area and source sector.

Geographic Area Area| Nonroad| Onroad Point Total
Alameda 3.4 12.0 27.2 3.2 45.8
Contra Costa 4.3 11.8 13.8 155 45.4
Marin 0.9 3.8 3.6 0.3 8.5
Napa 0.3 2.2 3.0 0.2 5.7
San Francisco 2.1 34.4 4.5 14 42.4
San Mateo 2.1 18.9 6.7 0.7 28.5
Santa Clara 4.2 10.0 22.2 8.5 45.0
Solano 1.0 3.9 54 3.8 14.1
Sonoma 0.9 7.9 6.7 0.4 15.9
BAAQMD Subtotal 19.3 104.8 93.0 34.0 251.2
Norn-BAAQMD Countieg 19.0 37.3 60.5 4.2 121.1
Domain Total 38.4 142.1 153.5 38.3 372.3

Table B3: Summary of 2016 Rmnissions (tons/day) by geographic area and source sector.

Geographic Area Area| Nonroad| Onroad Point Total
Alameda 0.1 0.4 0.2 1.4 2.0
Contra Costa 0.1 0.9 0.1 16.6 17.7
Marin 0.0 0.0 0.0 0.1 0.2
Napa 0.0 0.0 0.0 0.0 0.0
San Francisco 0.1 0.4 0.0 0.1 0.6
San Mateo 0.1 0.9 0.1 0.1 1.1
Santa Clara 0.1 0.1 0.2 2.9 3.3
Solano 0.0 0.2 0.0 0.4 0.6
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Sonoma 0.0 0.1 0.0 0.0 0.2
BAAQMD Subtotal 0.5 3.1 0.7 21.6 25.9
Non-BAAQMD Countieg 1.6 0.3 0.4 1.9 4,2
Domain Total 2.1 3.4 1.1 23.4 30.1

TableB4: Summary of 2016 NEmissions (tons/

day) by geographic area and source sector.

Geographic Area Area| Nonroad| Onroad Point Total
Alameda 3.0 0.0 1.5 0.4 4.9
Contra Costa 3.1 0.0 0.9 2.1 6.1
Marin 25 0.0 0.3 0.3 3.0
Napa 0.5 0.0 0.2 0.1 0.8
SanFrancisco 1.4 0.0 0.3 0.0 1.7
San Mateo 1.3 0.0 0.5 0.2 2.1
Santa Clara 3.6 0.0 1.6 1.5 6.7
Solano 1.9 0.0 0.3 0.1 2.3
Sonoma 3.3 0.0 04 0.3 4.0
BAAQMD Subtotal 20.7 0.1 6.0 5.0 31.7
Non-BAAQMD Countieg 46.9 0.0 3.3 7.0 57.3
Domain Total 67.6 0.1 9.3 12.0 89.0

B3. Emissions Density Plots

This section provides emissions density plots that show the spatial distribution of keypiRiv
cursors (an emissions density plot for primaryz2i8 provided in the main body of this report

in Figure 3.1). The emissions density plot fox fKyure B3) shows elevated emissions along
major freeways and shipping lanes and in urban cores. Note that high emissions along shipping
lanes in San Pablo Bay to the south of Marin County may be overestimated due to the spatial
surrogate used for commeial marine vessel emissions, which does not include offshore ship-
ping lanes for Sonoma County.

The emissions density plot for 5@igure B4) shows the presence of point sources in tkim 1
domain that emit this pollutant, as well as emissions from conuiamarine vessels along
shipping lanes. The emissions density plot fog [Hjure B5) shows elevated emissions in San
Joaquin County in the eastern part of the modeling domain, an area with significant agricultural

activity.
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APPENDIX €Meteorological Model Evaluation

Cl. StatisticalEvaluation

The ENVIRON METSTAT program (Emery et al., 200d3eda® compare the WREenerated
meteorological fields against hourly surface observations archived at NCAR. METSTAT is a
statistical analysis software package that calculates and graphically presents statistics such as
mean observation, mean simulatiobias error, gross error, and index of agreement.

Hourly time series of observeahd simulated surfactayer wind and temperature are
presented to evaluate the model performance. Statistics are defined as follows:

Mean observationNlo): calculated from all sites with valid data within a given analysis region
and for a given time period (hourly or daily):

1.2 .0
Mo =—aa O;
Kl
where Oij is the individual observed quantity at sitand timej, and the summations are over
all sites [) and time periodsJ.

Mean prediction p): calculated from simulation results that aigterpolated to each
observation used to calculate the mean observation (hourly or daily):

13,
M,=-8 4P

J j=1 i=1

where Pji is the individual simulated quantity at sitand timej. Note that mean observed and

simulated winds are vectemveraged (for eastvest componentu and north-south component
V), from which the mean wind speed and mean resultant direction are derived.

Bias error B): calculated as the mean difference in predictioinservation pairings with valid
data within a given analysis region aiad a given time period (hourly or daily):

B=>44(F-0)
=1 i=1

Gross Error (Eyalculated as the meaabsolutedifference in predictiorobservation pairings
with valid data within a given analysis region and for a given time period (hourly or daily):

120 :
_Ugliaﬂ‘Pj -Oj‘
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Note that the bias and gss error for winds are calculated from the predicteldserved
residuals in speed and direction (not from vector componerasidv). The direction error for
a given predictiorobservation pairing is limited to range from 01480 .

Root Mean Square Error (RMSEglculated as the square root of the mean squared difference
in predictionrobservation pairings with valid data within a given analysis region and for a given
time period (hourly or daily):

1/2
RMSE=6- 4 & (P - 0§

élv j=1i=1

(@) C*

The RMSE, as with the gross error, is a good overall measure of model performance.

Index of Agreement (IOAjalculated following the approach of Willmont (1981). This metric
condenses all the differences between model estimates and observations within a given
analysis region and for a given time period (hourly and daily) into one statistical quantity. It is
the ratio of the total RMSE to the sum of two differencdsetween each prediction and the
observed mean, and each observation and the observed mean:

IOA=1 -

]
u
u
u
U

Viewed from another perspective, the index of agreement is a measure of the match between
the departure of each prediction from the observed mean and the departure of each
observation from the observed mean. Thtke correspondence between predicted and
observed values across the domain at a given time may be quantified in a single metric and
displayed as a time series. The index of agreement has a theoretical range of O to 1, the latter
score suggesting perfeagreement.

C2 Time Series Comparisen

To further evaluate model performance and to understand the meteorology at specific regions

of concern, the simulated results were compared to wind and temperature measurements from
monitoring sites in West Oaklan8an Jose and Vallejo. Figures C2 through C9 show time series
comparing daily average WRknulated surface wind speed and temperature to observations

at Oakland, San Jose and Vallejo for each quarter of 2016.

The WR#simulated wind and temperature matcbehe observed trends very well for the

whole year of 2016. There were no significant differences between the predicted and the
observed values. The best performance was observed at Vallejo site, especially for wind speed
performance. Underestimations ofimd speed were noticeable at Oakland and San Jose
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throughout 2016. Investigations into this wind speed performance problem aigoany.
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Figure C1: Daily time series of observed and simulated wind speed at West Oakland for 2016 are
displayedguarterly. Observation data from miflugust through mieNovember were not available.
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fields at the observation sites averaged over thiend domain.
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Figue C2: Daily time series of observed and simulated wind direction at West Oakland for 2016.
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Figure C3: Daily time series of observed and simulated temperatures at West Oakland for 2016.
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Figure @: Daily time series of observed and simulated wspded at Vallejo for 2016.
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FigureC5 Daily time series of observed and simulated wind direction at Vallejo for 2016.
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Figure @: Daily time series of observed and simulated temperatures at Vallejo for 2016.
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Figure @: Daily time series of obsezd and simulated wind speed at San Jose for 2016.
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Figure @: Daily time series of observed and simulated wind direction at San Jose for 2016.

G10



Figure ©: Daily time series of observed and simulated temperatures at San Jose for 2016.




