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HIGHLIGHTS

« The 2020 Western U.S. wildfires produced CO emissions 3 times the 2001-2019 average.
« The fires contributed 0.5 — 14.5% to modeled CO averaged over the United States.
+ Enhancements in surface O, and PM, 5 across the U.S. lasted through the fire season.

ARTICLE INFO ABSTRACT

Keywords: The wildfire season in the Western United States (U.S.) was anomalously large in 2020, with a majority of

Wildfire burned area due to lightning ignitions resulting in overall fire emissions of carbon monoxide (CO) in the

Ozone ) Western region almost 3 times the 2001-2019 average. We used the Community Atmosphere Model version 6

g:r;/:lonhmonomde with Chemistry (CAM-chem) to investigate how the 2020 fires in the Western U.S. affected air quality locally as
-chem

well as in surrounding regions that received transported pollution. Simulations with and without fire emissions
over the Western U.S. (32.5-49° N, 115-125° W) in July-December 2020 were used to determine average
changes in atmospheric composition across the country. Comparisons against satellite and ground-based column
CO observations show that the model generally underestimated CO from fires but adequately reproduced spatial
and temporal variability. Simulations showed the 2020 fire season contributed 14.5% to atmospheric CO over
the Contiguous United States in September, and ~3% to CO averaged across the Northern Hemisphere; these
enhancements lasted several months. Fire emissions in 2020 continued later into the year than usual, resulting
in sustained air pollution over the Western U.S. region, with noticeable meridional transport of ozone (O;)
and fine particulate matter (PM, ;). Finally, we use the model to identify two transported fire pollution events
at Boulder, Colorado.

1. Introduction Through emissions, fires impact atmospheric composition, con-

tributing both long and short-lived trace gases and aerosols to the

Fires in the Western region of the United States have been increasing

in frequency (Dennison et al., 2014). Through the analysis of satellite
mapping, Dennison et al. (2014) identified climate change as a signifi-
cant factor in the positive trend in the number and size of forest fires in
northwestern regions of the United States between 1984 and 2011. In
the Pacific Northwest (PNW), it is estimated that anthropogenic climate

atmosphere (Voulgarakis and Field, 2015) that can detrimentally af-
fect air quality. Air quality is vital to human health and quality of
life, and the impact of fires on air quality is increasingly a con-
cern (Finlay et al., 2012). Although there have been successful efforts
to improve air quality throughout the United States in recent decades

change doubled the forest fire area (Abatzoglou and Williams, 2016).
Similar increasing trends in forest fire numbers and size are likely to
persist as anthropogenic climate change continues (Xu et al., 2020,
e.g).

by reducing human-made pollution throughout the United States, the
growing prevalence of wildfires has inhibited air quality improvement
in fire-prone regions (McClure and Jaffe, 2018).
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The emissions created by wildfires can influence atmospheric chem-
ical species in areas far from the fire sites, as gases and aerosols are
transported by wind and interact. For instance, fires in the PNW region
have been found to significantly impact tropospheric composition in
the North Atlantic ocean basin (Lapina et al., 2006), indicating that
the fires play a large role in determining the tropospheric composition
throughout much of the Northern Hemisphere. Notably, wildfires can
cause large increases in the concentrations of carbon monoxide (CO),
ozone (03), nitrogen oxides (NOy), and fine particulate matter (PM, 5),
all of which negatively affect air quality (Cheng et al., 1998; Phuleria
et al.,, 2005, e.g.). Given that anthropogenic emissions influence air
pollution across states to produce negative health outcomes (Dedoussi
et al., 2020), additional research on the air quality of regions downwind
of wildfires in the Western U.S. is important to understanding how
Western fires may affect the quality of life across North America.

The year 2020 gives a glimpse of potential future wildfires in
the Western U.S. According to the National Interagency Coordination
Center (NICC) (2020), the 2020 United States wildfire season was
unique, as neither Alaska nor the Southern regions, two fire-prone
areas, contributed as much as usual to the total acreage burned. The
area that burned, over 10 million acres, was disproportionately located
in California and the Northwest, when compared to other years. In par-
ticular, in 2020 there were numerous large fires in California, Colorado,
Washington, and Oregon, including the first reported million-acre fire
in California, which resulted in extensive damage including fatalities
and property loss. Consequently, the Northwest, Northern California,
and Southern California were both significantly above the ten-year
average acreage burned, at 223, 611, and 446 percent respectively,
which shattered records for the region (National Interagency Coordina-
tion Center (NICC), 2020). Additionally, as the Western U.S. becomes
increasingly fire-prone, the impact of its fire events on air quality of
the surrounding regions will continue to grow (Ford et al., 2018).

In this study we investigate the recent extreme 2020 wildfires in
the Western U.S. region, particularly in the states closest to the West
Coast, and how wildfire emissions affected atmospheric composition.
Section 2 describes the modeling framework, measurements of trace
gases, and analysis methods. Section 3.1 presents an analysis of emis-
sions from the 2020 season in the context of previous seasons. Next,
Section 3.2 explores the large-scale impacts of the Western U.S. fires
on CO in the atmospheric column 3.2.1 and at the surface level 3.2.2.
Section 3.3 analyzes the case study of Boulder, Colorado, in order
to identify transported fire pollution in another region with high fire
activity. Finally, Section 4 considers the implications of our findings.
We conclude in Section 5.

2. Methodology
2.1. Model

2.1.1. CAM-chem

The Community Atmosphere Model version 6 with chemistry (CAM-
chem), a component of the Community Earth System Model version 2
(CESM2), simulates global tropospheric and stratospheric composition
and is developed by the National Center for Atmospheric Research
(NCAR) (Danabasoglu et al., 2020). We use the current version with
the updated Model for Ozone and Related chemical Tracers (MOZART-
TS1) chemistry mechanism (Emmons et al., 2020; Tilmes et al., 2019).
Simulations are performed on 32 vertical layers reaching from the
surface to an altitude of ~45 km, with a 0.95° latitude by 1.25°
longitude horizontal resolution.

We used a nudging meteorological scheme, recommended by Otte
(2008), with Modern-Era Retrospective analysis for Research and Appli-
cations, Version 2 (MERRA2) meteorology regridded to the CAM-chem
32 levels, and using the FCnudged component set (Gaubert et al.,
2020). The temperature, zonal wind, and meridional wind variables (T,
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u, and v) in the model were nudged towards the large-scale atmospheric
dynamic conditions provided by MERRA2 at 25% every three hours.

Emissions are set to the same grid as the model (0.95° x 1.25°) and
include primary emissions of trace gases and aerosols from different
sources. Copernicus Atmosphere Monitoring Service Global Anthro-
pogenic Emissions Version 5.1 (CAMS-GLOB-ANT v5.1) are used for
anthropogenic emissions (Granier et al., 2019). Additional emissions
(from soil, oceans, volcanoes) are as described in Emmons et al. (2020).
Biogenic emissions are calculated online in the Community Land Model
(CLM) using the Model of Emissions of Gases and Aerosols (MEGAN2.1)
algorithms (Guenther et al., 2012), which is coupled to CAM-chem. Fire
emissions are described below.

2.1.2. Fire emissions from QFED

Fire emissions were used to analyze the 2020 wildfire season as
well as represent fire activity in the CAM-chem model. We used the
Quick Fire Emissions Database version 2.5_rl (QFED) to provide fire
emissions (Koster et al., 2015), which are created from satellite mea-
surements of Fire Radiative Power (FRP). The QFED inventory was
prepared for use in CAM-chem by multiplying the QFED CO, emis-
sions by emission ratios collected from the Fire Inventory from NCAR
(FINN1.5) emission factor tables (Wiedinmyer et al., 2011). Section 3.1
explores the 2020 Western U.S. fire season using QFED, in the context
of other years, and is supplemented by information about the fires
in California from the California Department of Forestry and Fire
Protection (CalFire; https://www.fire.ca.gov/stats-events/).

2.1.3. Sensitivity experiment design

Following a model spin-up of the first six months of 2020, we ran
three branching cases covering July to December 2020: a control case
and two masked cases (Fig. 1). The control case continued simulations
using the spin-up configuration, specifically with QFED fire emissions.
For the first masked case, the QFED trace gas and aerosol emissions
were set to zero in our defined region of the Western U.S. (32.5-49°
N, 125-115° W). We chose to mask this Western U.S area, the states
closest to the Pacific coast of the U.S., because it is the area of the
United States where a disproportionately large number of the 2020
wildfires occurred (National Interagency Coordination Center (NICC),
2020). British Columbia (49-60° N, 125-115° W) was not included in
the masked region since it made a relatively small contribution to the
overall emissions levels in 2020 (Fig. 3), and it is not under the policy
control of the United States.

Our second masked case included setting fire emissions to zero
only over the southern section of Western U.S. (32.5-42° N, 115-125°
W), which we define as the masked CA case. We ran the masked CA
case in order to analyze the contribution of fires mainly in California
compared to the entire Western region to atmospheric composition. We
subsequently refer to the masked Western U.S. case as the masked case,
and the case with only the southern half of the Western U.S. masked
as the masked CA case. We analyze simulation output in four regions:
Northwest (NW, 42-49° N, 115-125° W), California (CA, 32.5-42° N,
115-125° W), Central (35-49° N, 110-95° W), Northeast (NE, 41-to
53° N, 95-74° W) (Fig. A.1). The regions of analysis considered in this
paper correspond with Buchholz et al. (2022) who found that these
regions captured areas important for positive trends in atmospheric CO
amounts related to North American wildfire.

2.2. Measurements

2.2.1. Satellite-based column CO

We evaluate CAM-chem CO against column CO from the Measure-
ment of Pollution in the Troposphere Version 9 joint thermal infrared
and near infrared retrievals (MOPITT-V9J), which is a gas correlation
spectrometer carried by the NASA/Terra satellite that was launched
in December 1999 (Drummond et al., 2010). MOPITT provides global
coverage approximately every 3 days and observes the Earth in swaths
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Spin-up case: Stabilization of
atmospheric chemistry and .

composition before experiment

(6 months, January-June 2020)
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. Control: Air quality after 2020
wildfires (July-December 2020)

Masked: Air quality if 2020
wildfires in the Western region did
not occur (July-December 2020)

California (CA) Masked: Air

) quality if 2020 wildfires located in
South Western (CA) region did
not occur (July-December 2020)

Fig. 1. A diagram summarizing the CAM-chem simulation experiments performed in this study. The regions associated with masking are shown in Fig. 3.

with a width of 640 km with a spatial resolution of 22 km at nadir and
an overpass time of 10:30 am and pm local standard time (Drummond
et al.,, 2010). MOPITT vertical profiles have been validated against
aircraft and ground-based column measurements (Tang et al., 2020;
Deeter et al., 2019; Hedelius et al.,, 2019; Buchholz et al., 2017),
with bias of ~10% (Deeter et al., 2019) in V-8 and improved bias
in V-9 (Deeter et al., 2021, 2022). For our comparison, we use the
MOPITT-V9 regridded 1° x 1° level 3, monthly-average CO column
product (DOI: 10.5067/TERRA/MOPITT/MOP03JM.009) for August,
September, and October, 2020; the months with maximum Western
U.S. wildfire activity. Modeled CO profiles are convolved with mea-
surement averaging kernels and a priori to account for observational
sensitivity in the modeled column CO, as described in Buchholz et al.
(2021).

2.2.2. Boulder ground-based column measurements

Direct solar infrared (IR) absorption spectra for 2020 during cloud-
free days were measured in Boulder, Colorado using a Bruker HR-FTIR
Spectrometer (FTS). The instrument is operated as part of the Net-
work for Detection of Atmospheric Composition Change (NDACC, http:
//ndacc.org) (Hedelius et al., 2019; De Maziére et al., 2018) and
spectra are recorded and analyzed following the standards set by the
Infrared Working Group (IRWG, https://www2.acom.ucar.edu/irwg) of
the NDACC. Retrievals are performed using the SFIT4 v0.9.4 spectral
analysis code, which accounts for pressure and temperature depen-
dence of constituent absorption features and solar line of sight to derive
vertical profiles and corresponding total columns. The vertical profiles
are used to calculate air mass weighted tropospheric mixing ratio to
compare values to the CAM-chem model simulations. We compare
CO, hydrogen cyanide (HCN), formaldehyde (CH,0) and ozone (Os).
Coincident dates of modeled vertical profiles of the nearest pixel to the
FTIR are smoothed with the FTIR averaging kernels and a priori vertical
profiles to account for the FTIR altitude sensitivity. See Ortega et al.
(2021) for more information about the collection site, data retrieval,
and analysis methods.

3. Results
3.1. The 2020 Western U.S. fire season

CO is produced during incomplete combustion, and is emitted in
large quantities from wildfires. Therefore, we use CO emissions and ob-
served atmospheric concentrations to investigate spatiotemporal prop-
erties of the 2020 wildfire season. In this section we use QFED fire
emissions which are based off of satellite measurements (see Sec-
tion 2.1.1 for more details) and therefore are related to the observed
fires; fires that were not large enough to be observed by satellites are
not accounted for. By giving a sense of how 2020 compared to other
years, this analysis provides a basis for estimating air quality impacts
from fires in the Western U.S. relative to previous years. We also use
this analysis to justify our choice of the masked regions in our model
sensitivity experiments.

Overall, the 2020 wildfire season in the Western U.S. was un-
precedented. The U.S. wildfires produced emissions that exceeded the
average yearly emissions between 2001 and 2019 (Table 1) and were
the highest in the region for any single year since 2001 (Fig. 2a,
Fig. 2b). In particular, wildfire emissions in some parts of the West-
ern U.S. region were more than 5 times (500%) the average from
2001-2019 (Fig. 3b), with the whole Western U.S. region releasing
about three times the average emissions (Table 1). The Western U.S.
accounted for more than half of the U.S. wildfire emissions in 2020
(Fig. 2b), exceeding the contribution from other areas of the country
(Fig. 3a), and the majority of the Western U.S. emissions originated in
California (Table 1).

Consistent with previous years, the Western U.S. fire season in 2020
occurred in the later and warmer months of the year (Fig. 2a) with most
emissions in August and September. However, the fire season in 2020
began and continued later than in previous years, since fire emissions
remained high into the fall of 2020 whereas they generally decreased
after late summer in previous years (Fig. 2a). In fact, U.S. fire emissions
continued increasing until around October in 2020 while previous years
generally exhibit a leveling trend by late August (Fig. 2b).

In addition, using data obtained from the California Department
of Forestry and Fire Protection (CalFire; https://www.fire.ca.gov/stats-
events/), we analyzed the fire ignitions over the state of California.
While this analysis does not correspond to all of the fires in our Western
U.S. region, it is representative of a majority of the CA region where
a large proportion of the Western U.S. fires occurred. We determined
that the number of fires during July to October increased in 2020 (7244
fires in California) compared to the 2001-2019 average (average of
6620 fires in California). This increase can be attributed in part to an
increase in fires with identified anthropogenic causes, including arson,
campfires, electrical power, and vehicles (Fig. 4a). However, despite
the increases in fires due to human causes, the majority of burned
acreage in 2020 was due to fires ignited by lightning (Fig. 4b).

3.2. Large-scale impacts of 2020 wildfires on atmospheric composition

3.2.1. Fires and columnar CO

We begin with an analysis of atmospheric column amounts because
they allow for the identification of pollution transport across the U.S.
Specifically, the intermediate lifetime of CO makes it a valuable tracer
for tracking atmospheric transport from large sources such as wild-
fire (Chandra et al.,, 2016; Sodemann et al., 2011; Edwards et al.,
2004).

We observe large satellite-measured column amounts of CO over
North America in August through October (MOPITT-V9, Fig. 5, row 1).
In September, particularly high CO was observed in the western part of
the country nearest the wildfires, and also over the central and eastern
regions, likely due to transported fire emissions. Model simulations can
help attribute high CO to influence from wildfires.

Modeled CO shows similar spatial distribution and temporal evolu-
tion of the CO from August to October as the measurements, although
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Table 1
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Regional yearly sum of QFED fire emissions in 2020 compared with the 2001-2019 average.

Western U.S. California Contiguous U.S.

32.5°-49° N 32.5°-42° N 25°-50° N

115°-125° W 115°-125° W 66°-125° W
Species 2020 2001-2019 2020 2001-2019 2020 2001-2019

Mean Mean Mean

CO (Tg) 12.865 4.536 9.942 2.250 23.067 13.327
NOy (Tg N) 0.140 0.055 0.103 0.028 0.312 0.203
BC* (Tg C) 0.078 0.030 0.063 0.019 0.145 0.081
POM" (Tg C) 1.166 0.401 0.907 0.197 1.990 1.115
IVOC® + SVOC? (Tg C) 0.930 0.323 0.722 0.160 1.617 0.916

aBlack Carbon.

bparticulate Organic Matter.
¢Intermediate-Volatility Organic Compounds.
dSemivolatile Organic Compounds.

a. U.S. QFED Total CO Emissions by Year
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Fig. 2. a. Timeseries of QFED wildfire CO emissions as a daily area-weighted sum over the U.S. (25°-50° N, 66°-125° W) shown for each year 2000 to 2020. b. Cumulative
timeseries of QFED wildfire CO emissions as a daily area-weighted sum over the U.S. shown for each year 2000 to 2020. The year of interest, 2020, is highlighted in orange.
Western U.S. (32.5°-49° N, 115°-125° W) emissions in 2020 are shown in dashed red as a comparison, and correspond with the area defined in orange in Fig. 3. (For interpretation
of the references to color in this figure legend, the reader is referred to the web version of this article.)

with lower magnitudes (Fig. 5, row 2). CAM-chem is known to un-
derestimate CO when compared with MOPITT, with larger differences
in the Northern Hemisphere than the Southern Hemisphere (Emmons
et al., 2020). In general, we also find the observed CO values are higher
than the control simulation by about 20% to 30% (Supplementary
Fig. A.2), which has been attributed in previous studies to low estimates
of anthropogenic and fire emissions (Wang et al., 2021; Pan et al.,
2020; Bowman et al., 2009; Emmons et al., 2020, e.g.). Other possible
factors for the model-measurement mis-match are spatiotemporal sam-
pling differences and model parameterizations. Specifically, CAM-chem
output shown here are average values from all times of day (including
at night) while MOPITT overpasses at approximately 10:30 am (see
2.2.1). A more rigorous model evaluation could focus on the model

output data at the time and location of the satellite data and remove
days from the model output where there is missing data in MOPITT.
However, our goal is to estimate large-scale impacts from the Western
U.S. fires using the model rather than quantify measurement-model
mis-match. Hence, we show our model results are broadly consistent
with other studies that show CAM-chem underestimates CO. Finally,
CAM-chem emissions are emitted at the surface and rely on model
physics to be vertically transported, potentially underestimating plume
rise compared to the real world (Emmons et al., 2020). Smoke plume
rise in the real world can cause emissions to travel upwards into higher
levels of the atmosphere at a faster rate, where they may move more
quickly away from their source (Guan et al., 2008) and atmospheric
loss can be slower. A study over CONUS showed plume rise was
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Fig. 3. a. Map of QFED wildfire CO emissions in 2020. b. Map of percent difference between QFED wildfire CO emissions in 2020 and the average QFED wildfire CO emissions
in 2001-2019. Masked regions for the model sensitivity simulations are shown in orange and green. (For interpretation of the references to color in this figure legend, the reader

is referred to the web version of this article.)
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Fig. 4. a. A bar chart comparing the number of fires in California per ignition type in July-October 2020 with the average for 2001-2019. b. A pie chart of burned
acreage in California by ignition type in July-October 2020. The data was obtained from a special request to the California Department of Forestry and Fire Protection

(https://www.fire.ca.gov/stats-events/).

particularly important for modeling long-range transport of fire-emitted
pollutants (Tang et al., 2022). The combination and complexity of these
sources of uncertainty, as discussed in Pan et al. (2020) and Liu et al.
(2020), means that it is extremely difficult to quantify an estimate
of uncertainty for model output. Future research will aim to quan-
tify the individual and combined uncertainty in modeled atmospheric
composition results from wildfire sources.

Acknowledging these factors that may contribute to differences
between the measured data and model output, we still observe that
the spatial distribution and temporal evolution of the CO between the
control simulation and measurements are generally consistent (Fig. 5).
Notably, in both the control model and measurement data sets, we
observe the highest average CO concentration values in August and
September. Therefore, the model allows us to compare possible sce-
narios with and without emissions from fires to consider effects on

pollution transport with the caveat that our results likely underestimate
the impact of fire emissions on CO.

Fig. 6 presents the percent difference in monthly CO column be-
tween the simulations with and without Western U.S. fire emissions
from August to October, calculated as control minus masked relative to
the control simulation. Results can be interpreted as the contribution
of Western U.S. fires to the total amount of CO in each month. It is
clear that the inclusion of Western U.S. fires resulted in higher amounts
of CO, particularly in the western half of the country for all three
months, with fires contributing 50% or more to the total CO at some
locations. We also observe smaller contributions of ~5%-10% to CO for
regions of the country downwind of the wildfires. In September, the
model suggests substantial transport to the central region of the U.S.
(~20%) and in October, the whole North American domain shows small
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Fig. 5. Average monthly MOPITT CO column amounts covering August to October are shown in the first row. CAM-chem monthly average CO column from the control simulation
for August to October are shown in the second row. Note the different colorbar ranges between rows.
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Fig. 6. Monthly average CO column percent difference between simulations with and without Western U.S. fire emissions. Average wind vectors are denoted by gray arrows for

the approximate 750 hPa model layer (layer 23).

increases (~5%) due to fire emissions, suggesting that fire activity in the
Western U.S. has an impact on the background levels of pollution across
the whole of North America. Aggregated analysis shows the largest
average increase in column CO over the Contiguous U.S. occurs in
September, at 14.5% of CO resulting from fires (Table 2). By November
the Western U.S. fire emissions are atmospherically well mixed as
observed by CONUS and the Northern Hemisphere seeing equivalent
contribution to CO from the Western U.S. fire emissions. A residual
impact on the whole Northern Hemisphere remains in November and
December, with approximately 2% CO contributed from the Western
U.S. fires.

Furthermore, the average wind vectors on Fig. 6 demonstrate that
while dominant transport in the free troposphere for all three months
(~ 750 hPa) is westerly (transport to the east), August shows more
northeastward transport from Southern California than September or
October. These transport differences may have implications for loca-
tions downwind of the fire, such as Boulder, Colorado, which we discuss
in Section 3.3.

3.2.2. Model estimation of wildfire impacts on surface level atmospheric
composition

We focus on analyzing modeled fire impacts on surface level O; and
PM, 5 values since they are two pollutants from fires that have been
shown to have negative health effects (Voulgarakis and Field, 2015;
Finlay et al., 2012, e.g.). We assess surface values averaged in four
regions of the U.S., to investigate areas both local and downwind from
the Western U.S. fires (See Section 2.1.3 and Fig. A.1). Box plot analysis
shows the distribution of O; and PM, 5 averages and extremes in each

Table 2
Average percent change in column CO due to Western U.S. fire emissions.
Month ~CONUS Northern Hemisphere
(25°-50° N, 66°-125° W) (0°-90° N, 0°-360° E)
Jul 0.5 <0.1
Aug 6.5 0.6
Sep 14.5 3.2
Oct 4.9 3.4
Nov 2.4 2.4
Dec 1.7 1.7

geographical region between August and October (Fig. 7). The largest
changes in average values due to fire emissions occurred for O; and
PM, 5 in the CA and NW regions (Fig. 7). This finding is consistent with
previous studies that have found that smoke aerosols cause significant
pollution changes over the western half of the U.S. between high and
low fire years (Xue et al., 2021).

We further considered time series of daily regional averaged surface
0; and PM, 5 amounts in order to investigate how atmospheric compo-
sition impacts change over the fire season. The CA region experienced
three fire-driven peaks in average O; between August and October
(Fig. 8a), while the NW region only experienced one peak in average
O; (Fig. 8b). For the CA region, August and September mean O; peaks
are of the same magnitude (~80 ppb). However, since the masked
CA simulation only differs from the masked simulation in California
in September, the sensitivity experiments show that the August peak
was driven by local California fire emissions, while the September peak
experienced some contribution from fires in the NW region reflecting
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Each x-axis tick corresponds to the first day of each month.

pollution transport from the NW into CA. Similarly, the NW shows
some contribution from California fires in the September peak, which
is above 80 ppb, but there are no transported impacts from the South
during August, indicating north-south mixing and potential pollution
recirculation was strongest in September. The Central region (Fig. 8c)
experienced some impacts on average O; in August and September
due to the Western U.S. fires, showing the potential for transported
fire emissions to impact surface air quality downwind; however, the
magnitude of enhancements never exceeded ~5 ppb. In comparison,
according to CAM-chem, the Western fire emissions minimally impact
O; amounts in the NE region (Fig. 8d).

Similar mean regional time series analysis for PM, 5 show analogous
results to O, and illustrates that surface PM, g variability is dominated

by the local region emissions more than transported emissions (Fig. 9).
California fires were responsible for all three PM, 5 enhancements in
California, as seen by masking of emissions in the California region
producing equivalent results to masking the whole Western region.
In September, transport northward from California to the NW region
occurred for PM, 5, but there was minimal transport southward. In
the Central region, we observe the influence from Western U.S. fire
emissions in August through October, with substantial influence in mid
August and mid September (Fig. 9c). While the peaks in the Central
region are small compared to the magnitude of the peaks in the CA
and NW regions, it is interesting to note that the first transported
peak in late August/early September is primarily due to fires in CA
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Fig. 9. Time series of regional average PM, s amounts for the CA (a), NW (b), Central (c), and NE (d) regions for each simulation.

while the second peak in late September is a result of fires in both
CA and the NW. In comparison, there is not much change in average
values in the NE region, with generally lower PM, 5 values overall
and potentially very small transported impact during late September.
Further, we analyzed maximum PM, 5 values (Supplementary Fig. A.3)
and found a noticeable decrease in maximum PM, 5 values in CA and
NW regions between the control and masked simulations, while the
central and NE regions show little change in extremes.

3.3. Boulder case study: identifying transported fire pollution

For a localized case study of transported pollution, we compared our
control simulation with column measurements from the FTS instrument
in Boulder, Colorado, a location in our defined Central region. It is
important to note that Colorado also experienced an extreme fire season
in 2020, with CO emissions from wildfires reaching above 4 times
(400%) of the 2001-2019 average values (Fig. 3). Therefore, this case
study allowed us to consider the relationships between regions with
high fire activity.

Overall, we see similar temporal patterns between the observed
and modeled tropospheric column amounts of CO, HCN, CH,0 and O;
(Fig. 10). Observed values of CO, HCN and CH,0O were substantially
above the 2010-2019 average from August to October, due to a com-
bination of local and transported fire pollution, that we can use the
model to help distinguish.

Similar to comparisons with satellite measurements in Section 3.2.1,
the control simulation underestimated column CO in Boulder, Col-
orado; while the simulation and FTS measurements showed similar
extremes and variability during the fire season, the simulation consis-
tently underestimated CO values outside of the fire season (Fig. 10).
This underestimation has been observed in other studies and attributed
to missing anthropogenic emissions (Ortega et al., 2021; Emmons et al.,
2020; Gaubert et al., 2017, e.g.). In addition to factors discussed for
the model-measurement mis-match in Section 3.2.1, CAM-chem output
shown here is an average of values from all times of day (including
at night) while the FTS is a clear sky solar occultation measurement
instrument so it does not record measurements overnight and often not
in the late afternoon (Ortega et al., 2021). Additionally, the viewing
angle of the FTS may not match the model vertical column above
Boulder, and spatial dilution in the model (comparing a 1-degree box
with a single path through the atmosphere) may also contribute (Or-
tega et al.,, 2021). Specifically, it is also important to note that in
this analysis we are comparing a rather coarse resolution model to a
point measurement in an area with complex terrain and meteorology
and diverse emission sources. Even with the comparison of columns,
the near-surface concentrations will dominate the observed column

amounts for most of the species, which the coarse model may have
difficulty representing completely.

Model sensitivity experiments are useful for identifying local versus
transported fire impacts in the Boulder FTS record. CO column amounts
exhibit similar temporal variability between the FTS measurements and
the control simulation (Fig. 10a). Further, some of the largest peaks are
of similar magnitude and show no difference between the FTS, control,
and masked time series, suggesting that local fires were the cause
of increased CO amounts. In comparison, there are two peaks, mid-
August and mid-September, that show differences between the control
and masked simulations, indicating that transported Western U.S. fire
pollution was the cause of increased CO amounts. During these two
peaks, transported CA wildfire pollution contributed the most to the
modeled CO enhancements.

HCN is overestimated by the model (Fig. 10b), which was previously
shown when using QFED biomass burning emissions in Ortega et al.
(2021). However, seeing as HCN is predominantly a fire tracer, the
similar temporal pattern between modeled CO and HCN for August
through October supports that all the higher values in 2020 are due
to fire emissions, be it local or transported. Mid-August and mid-
September transported influence is also reflected in the modeled HCN.
Regarding CH,0, the model shows little difference between the three
simulations at Boulder (Fig. 10c). Although modeled CH,O compares
very well with the FTS, there are two measured peaks that are not
captured by the control model - one in mid-August and another in mid-
September - that coincide with transported fire emissions for the other
species. The absent CH,O peaks during the transported events imply
that modeled CH,O is mainly impacted by local fire and suggests a
missing process in CAM-chem, such as too much chemical destruction
or a missing chemical source in the modeled transported plume.

Finally, the different temporal pattern of O; at Boulder compared
to the other three species shows the complexity of processes that
contribute to atmospheric O;. Modeled O; seems slightly overestimated
compared to the Boulder FTS during the fire season (Fig. 10d), which is
consistent with a well known high bias for O; in CAM-chem (Emmons
et al., 2020). The model O; suggests some enhanced O; concentrations
during the fire season, additionally with some influence from trans-
ported fire emissions at times coincident with the transported peaks in
the CO time series. Although difficult to determine, there is potentially
associated O; enhancements observed in the measurements during
the transported events, but fire plumes are known to have variable
O; production. A more thorough plume-by-plume analysis at higher
temporal resolution is planned for future work.
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4. Discussion

The 2020 Western U.S. wildfire season demonstrated an extreme in
the trend of increasing number of wildfires and burned area compared
to previous years (Li and Banerjee, 2021), including an extreme for
emissions as discussed in Section 3.1. While the number of human-
induced fires increased (Fig. 4), consistent with the findings of Li and
Banerjee (2021), we found that fires caused by lightning accounted for
a large majority of burned acreage in 2020. In fact, four of the five
largest fire complexes in California (August Complex, SCU Lightning
Complex, Creek Complex, LNU Lightning Complex, and North Com-
plex) in 2020 were ignited by lightning (the Creek Complex is still
under investigation) and are responsible for the increase in burned area
as compared to previous years (California Department of Forestry and
Fire Protection, https://www.fire.ca.gov/media/4jandlhh/top20 _acres.
pdf). This suggests that the increase in burned acreage, and conse-
quently fire emissions is potentially linked more strongly with changes
in climate, dryness, and weather patterns than direct human activity.
Future research could explore this connection more thoroughly, adding
context to the anomalous year of 2020.

Irrespective of the cause, the emissions from the 2020 Western U.S.
wildfires were unprecedented, making them an ideal case study for
transported pollution. Our findings that Western U.S. wildfires have a
much larger effect on health tracers at surface level in the geographic
areas closest to the fires themselves are not surprising. Health implica-
tions of our findings must be considered in the context of model bias,
especially since the global coarse resolution model is not necessarily
suited for estimating health impacts. For O, the EPA exposure limit is
70 ppb on an 8-hr period (Environmental Protection Agency, https://
www.epa.gov/criteria-air-pollutants/naaqs-table); therefore, the daily
average spikes above 80 ppb caused by fires exceed health limits, even
with a ~ 10 ppb model overestimate as seen in the southeastern U.S.
in Emmons et al. (2020). Consequently, fires are a major factor in
moving O; amounts close to or over the health limits in the CA and NW
regions during August to October. In contrast, aerosol amounts have
been found to be underestimated in the CAM-chem model (Lamarque
et al., 2012; Tilmes et al., 2019). The enhancements in surface PM, 5
are therefore likely underestimated. The EPA standard of 35 pg m=3
for a 24 h exposure is far exceeded in the NW and CA regions due to

fires, where our model results show daily average values exceeding 100
pg m~3 at times. While average values for the Central and NE regions
do not exceed 35 pg m~3, the inclusion of fires does result in increased
PM, 5 amounts. Therefore, increased fire activity has the potential to
cause species to exceed health standards across the country.

Overall, our results align with previous studies. For example, Kang
et al. (2014) found that O; daytime mixing ratios at measurement
sites in the Mid-Atlantic reached maximum values of about 100 ppb
due to wildfire smoke transport, while Yang et al. (2022) identified a
peak in PM, 5 amounts downwind of fires to be 105.5 pg m~3 through
the combination of model and measurement results, which are similar
to differences we discuss. Our results also align with the order of
magnitude of O; enhancements over North America identified in earlier
case studies (Pfister et al., 2006; Lapina et al., 2006).

It is important to note that our study of regional averages as well
as monthly and 3-month average values presented in Sections 3.2.1
and 3.2.2 provide only part of the picture of wildfire impacts since
potential exceedances are diluted by lower concentrations on other
days and at other locations, particularly for downwind locations. Con-
sequently our modeled average changes over a larger spatial scale
seem small, even though on one particular hour/day/week at one
particular location the magnitudes could be very large, and potentially
have a pronounced impact on health and air quality. To illustrate
this, we plot the fire-driven modeled changes in the July-December
maximum in daily average O; and PM, 5 for the Eastern half of the
country (Fig. 11), which shows substantially larger impacts than the
average results presented in Sections 3.2.1 and 3.2.2. East of ~100°
W, daily maximum O; can be increased up to 5 ppb and PM, 5 up to
5 pg m~3 due to transported Western U.S. wildfire pollution. Further,
a recent study found that health implications in the U.S. are further
complicated by public awareness around air quality issues, and saw
a majority of observed health effects from Western fires occur for the
highly populated Eastern part of the country (O’ Dell et al., 2021). In
the future, machine learning techniques may be helpful to downscale
simulations and estimate surface level pollution amounts at specific air
quality monitoring sites (Hung et al., 2021) in order to directly link fire
impacts to air quality measurements used in policy making.

Additionally, CAM-chem underestimates average pollutant concen-
trations for CO (Section 3.2.1) and PM,s (Lamarque et al., 2012),
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Fig. 11. Maximum differences in daily average surface layer values between control and masked simulations for (a) O; (b) PM,5, from July to December.

meaning that our estimated impact on air quality is potentially smaller
than the real-world impacts. The model does a better job reproducing
CH,0, and overestimates other species, such as O; and HCN (Sec-
tion 3.3) (Emmons et al., 2020; Ortega et al., 2021, e.g.). This variety
in under and overestimation of various species makes it difficult to con-
sider simultaneous exposure, which would allow for a more thorough
analysis of cumulative health risks (Dominici et al., 2010). Model lim-
itations leave room for future work to reduce the measurement-model
bias.

Overall, our results underscore questions about policy relating to
wildfires. For instance, how much should the rest of the country be
involved in how Western regions manage their growing number of
wildfires? Should lawmakers in the Western regions be considering
people in other regions as they make decisions about containing fires?
Furthermore, our analysis of California fires in comparison to all West-
ern U.S. fires leaves questions about how policies might differ between
California and the Northwest. As Burke et al. (2021) suggest, the grow-
ing information about how wildfires affect our air quality may create a
different risk and burden for wildfire management. Therefore, wildfire
management must evolve, such as through the integration of suppres-
sion and prevention, implementation of fuel reduction programs, and
sustainable rehabilitation of fire-adapted ecosystems (Steelman and
Burke, 2007; Busenberg, 2004).

5. Conclusion

The 2020 wildfire season was unprecedented in the Western U.S.,
exceeding three times the 2001-2019 average CO emissions. While
the largest increase in number of fires in California occurred for some
anthropogenic ignition sources, the largest burned area was driven
by fires ignited by lightning. Additionally, a temporal difference from
previous years, with fires peaking in the early fall rather than the
late summer and extending later than previous years, made the year
particularly unusual.

Using the Community Atmosphere Model version 6 with Chemistry
(CAM-chem), we simulated atmospheric composition with and without
fire emissions from the Western U.S. region (32.5-49°N, 115-125°W)
to investigate how the 2020 fires affected air quality both locally and
at downwind locations. We found that changes in composition between
the control and masked simulations differed by regions, with the gen-
eral pattern of larger changes in daily average concentrations occurring
in regions closer to the Western U.S. and decreasing with distance
east of the fires. We found two fire-driven enhancements in pollution
at Boulder, Colorado occurred during mid-August and mid-September,
and identify model deficiencies in reproducing formaldehyde associated
with these events. At the surface level, the largest changes in average
values of O; and PM, 5 due to fire occurred in the Western region,
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reaching up to ~40 ppb and ~120 pg m~3, respectively. Further,
through the analysis of two sensitivity studies (removing emissions
in the whole Western region versus removing emissions mainly over
California) we determined that north-south mixing between the CA and
NW regions was strongest in September. Both the NW and CA regions
experienced large fires in 2020 so with our sensitivity experiments, we
were able to determine the specific impacts of the regions on each
other. The Central U.S region saw minor enhancements in surface
level amounts of O; and PM, 5 from fire emissions, indicating that
transported fire pollution can reach the surface, and the Northeast
region experienced a small transported impact.

Overall, our results leave us to consider how people around the
country should be involved or considered in decision making surround-
ing wildfire burning in the Western region, as well as how much climate
change, both through temperature increases and weather extremes, will
affect the country’s air quality as fires increase.
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Appendix. Supplemental figures

The figures included in our supporting information (Supplementary
Fig. A.1, Fig. A.2, Fig. A.3) provide a visual representation of regions
and support values included in our manuscript. In particular, we in-
clude a map of our analysis regions which supports the regional analysis
included in Section 3.2.1 as well as correlation plots for the differences
between the model and MOPITT data which supports the mean biases
reported in Section 3.2.2. Additionally, we include PM, 5 time series
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Fig. A.3. Time series of average PM, s concentration for the CA, NW, Central, and NE regions for each simulation. Each time series also shows the range of PM, 5 concentration

for the control and masked simulations to compare maximum and minimum values.

that include the range from the control and masked simulation by re-
gion, demonstrating how much the Western U.S. wildfires contributed
to the maximum PM, 5 values in each region.
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