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AIR POLLUTION

Fires reverse progress toward
ozone air quality standards
in the United States

Weizhi Deng?, Jun Wang'*, Meng Zhou?*, Xi Chen', Xiaodong Wu?®,
Huanxin Zhang?, Jason B. Cohen?, Jing Wei®, Arlindo da Silva®,
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Recent surges in wildfire emissions have exacerbated surface
ozone pollution in the United States. Using deep learning, we
developed a gapless daily surface ozone dataset at 1-kilometer
resolution for 2003-2024. This dataset revealed a reversal in
national policy—relevant ozone trends that had gone undetected
by the sparse monitoring network: from —0.65 parts per billion
(ppb) per year (2003-2015) to +0.13 ppb per year (2015-2024).
The reversal was primarily driven by increasing wildfire
emissions, offsetting 3.9 years of mitigation progress.
Premature deaths from fire-sourced ozone have increased by
318 deaths per year since 2013, with post-2013 mortality 46%
higher than pre-2013 mortality. During 2022-2024, wildfire
emissions exposed 43 million people to nonattainment
conditions, effectively preventing a 4-ppb tightening of the
ozone standard. These results underscore the growing
challenges of sustaining air quality progress as wildfires
intensify under climate change.

Despite regulated reductions in anthropogenic emissions of ozone (O3)
precursors, observation stations indicate that policy-relevant surface
03 levels have plateaued since 2013 (I), a finding that is potentially
linked to increasing fire emissions from the western US and Canada
(2-6). This stagnation poses challenges to meet and potentially tighten
the 2015 US National Ambient Air Quality Standards (NAAQS), which
set a health-based limit of 70 parts per billion (ppb) for O3, expressed
as the annual fourth-highest maximum daily 8-hour average (MDAS8)
03 averaged over 3 years (7). However, efforts to inform regulatory
policy are largely hindered by sparse ground measurements: US En-
vironmental Protection Agency (EPA) monitoring stations cover just
2% of the land area in the continental US (CONUS), assuming a 10-km
radius per station, and serve only 26% of the population (Fig. 1A). As a
result, NAAQS attainment status is often designated at the county level
and cannot even be determined for many regions (8). The incomplete
spatial coverage of the ground monitoring network also challenges
the estimates of O3 exposure and associated mortality, which require
gapless MDAS8 data at high resolution to convolve with fine-scale pop-
ulation data (9, 10). Furthermore, only 35% of the stations (723 of 2037)
have continuous records from 2003 to 2024 (Fig. 1A), limiting the
representativeness of the long-term trend derived from this sparse
network (11, 12).

Here, we used deep learning to generate a full-coverage, high-resolution
(1 km), long-term (2003-2024) daily MDAS8 dataset across CONUS,
with a focus on exceedance events relevant to NAAQS. We then con-
ducted full-coverage neighborhood-scale NAAQS assessments, quanti-
fied fire impacts on the long-term trends of policy-relevant O3 levels

and associated all-cause premature mortality, and evaluated the fea-
sibility of implementing stricter standards, providing critical insights
for O3 policy amid increasing fire emissions.

Full-coverage 03 mapping by means of deep learning

Although machine learning (ML) has gained traction in generating
gapless atmospheric datasets, long-term ML-based MDAS datasets are
not available over CONUS after 2016 (13, 14), and thus, data for recent
years of heightened wildfire emissions are missing (5, 15). Furthermore,
existing ML studies tend to underestimate MDAS8 values during ex-
treme events (MDAS >70 ppb), often by 50 to 80%, partly because of
training biases that favor lower values (table S1). This underestimation
is reflected in regression slopes that are less than unity when compar-
ing ML predictions with observations, leading to a substantial under-
counting of exceedance days.

To address these limitations, we developed a multilayer perceptron
(MLP) model with a custom cost function that assigns higher weights
to extreme events that are rare in the training distribution (methods).
The MLP model was trained on EPA daily MDA8 measurements as the
target variable, with features from atmospheric composition reanaly-
sis, meteorological reanalysis, and satellite remote-sensing products
(table S2). In particular, we used surface O3 and precursor concentra-
tions from the Copernicus Atmosphere Monitoring Service (CAMS)
reanalysis, which is based on a chemical transport model driven by
emission inventories constrained by extensive assimilation of satel-
lite aerosol and trace gas observations (16). To further downscale the
model from CAMS’s native resolution (75 km) to 1 km for fine-scale
attainment and exposure assessments, we incorporated high-resolution
remotely sensed features that represent local variability in emissions
and surface characteristics. These include LandScan population den-
sity (17), Visible Infrared Imaging Radiometer Suite (VIIRS) nighttime
light intensity (I8), Moderate Resolution Imaging Spectroradiometer
(MODIS) normalized difference vegetation index (NDVI) (19),
Advanced Spaceborne Thermal Emission and Reflection Radiometer
(ASTER) topography elevation (20), and MODIS land cover type (21).

We validated our model based on out-of-sample fivefold cross-
validation (methods) and compared its performance against bench-
mark CAMS reanalysis (Fig. 1, D and E). CAMS explains 53% of the
total variability in EPA daily MDA8 measurements, with a root mean
square error (RMSE) of 11.07 ppb and a mean bias (MB) of +4.38 ppb.
It tends to overestimate lower values (<50 ppb) and underestimate
extremes (>70 ppb), with a regression slope of 0.76. By contrast, the
MLP demonstrates considerable improvements, with a coefficient of
determination (R?) of 0.88 (66.0% increase), an RMSE of 4.89 ppb
(55.8% reduction), and an MB of —0.03 ppb (99.3% reduction). These
improvements are important for accurately estimating the Os-related
health burden because the positive bias in CAMS would inflate mortal-
ity estimates, whereas the MLP largely eliminates the overall bias. The
MLP also improves prediction of exceedance events, increasing the
hit rate from 45.8 to 75.3% (+2.5 exceedance events per station per
year) and reducing the false alarm ratio from 74.5 to 39.7% (—7.5 false
alarms per station per year). These advancements, including a regres-
sion slope of 0.98, are crucial for evaluating NAAQS compliance, where
exceedance events should not occur more than three times per year
on average at a given station. Out-of-station fivefold cross-validated
results also confirm the model’s improvements in predicting extreme
events, indicated by a regression slope of 0.90 (fig. S1). Further evalu-
ations on a site-by-site and year-by-year basis are given in the supple-
mentary text.
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A EPA County-Scale NAAQS Assessment
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Fig. 1. Need for a long-term, full-coverage, high-resolution MDA8 03 dataset.
(A) EPA stations overlaid on LandScan population density (blue triangles indicate
stations with long-term observations from 2003 to 2024; black circles indicate
stations missing at least 1 year of observations). Red polygons show the county-scale
nonattainment regions designated by the EPA. (B) MLP-predicted annual fourth-
highest MDAS values averaged over 2022-2024 overlaid with EPA measurements,
highlighting nonattainment regions (>70 ppb) at the neighborhood scale. (C) MLP-
predicted daily MDAS values overlaid with EPA measurements during a long-range
wildfire-smoke transport event on 6 June 2023. (D and E) Performance of benchmark
CAMS reanalysis and MLP prediction, respectively, validated against EPA daily MDA8
measurements. Black solid lines are 1:1 lines, black dashed lines are best fits, red
dashed lines are the 2015 NAAQS standard, and color represents data density. MLP
results are based on out-of-sample fivefold cross-validation.
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‘We applied the MLP model across CONUS to produce gapless daily
MDAS estimates from 2003 to 2024, enabling a full-coverage NAAQS
assessment (Fig. 1B). The MLP results capture nonattainment urban
regions in California, Arizona, Utah, Colorado, Texas, Georgia, the Lake
Michigan region, and the New York metropolitan area, consistent
with EPA designations shown in Fig. 1A. In addition, the MLP-
predicted dataset uncovers emerging regions of concern that could
benefit from enhanced monitoring. For instance, it suggests that
western Texas and southeastern New Mexico have been in nonattain-
ment since 2018 because of increased oil and gas activities, as evi-
denced by enhanced gas flaring (22, 23) and tropospheric NO, signals
(24). Yet these regions remain undesignated by the EPA (Fig. 1A),
highlighting the potential of the dataset to identify regions where
expanded monitoring could be valuable.

Furthermore, the MLP captures O3 variability at 1-km resolution,
offering neighborhood-scale NAAQS assessments over traditional
county-scale evaluations that were limited by EPA station density (8).
A zoomed-in view over Houston shows that nonattainment areas align
closely with densely populated zones (Fig. 1B). Such high-resolution
assessment can be useful for guiding policy-makers toward more
targeted and effective mitigation strategies. The high-resolution MLP
results can also be combined with fine-scale population data to pro-
vide spatially resolved estimates of exposure and mortality burden
compared with those directly using coarse-resolution chemical trans-
port model outputs (10).

The MLP results also better capture wildfire-influenced perime-
ters, particularly in rural and remote areas underrepresented by EPA
stations. Figure 1C shows the MLP-predicted MDAS values during a
long-range transport event of Canadian wildfire smoke on 6 June
2023. Smoke-induced O3 enhancements are evident in North Dakota,
South Dakota, Nebraska, and Iowa, extending southward into Oklahoma
and eastward into Indiana and Tennessee, in good agreement with
available station measurements. In areas with limited monitoring
coverage, such as in Nebraska, where surface O; threatens not only
human health but also agricultural productivity, the full-coverage
MLP mapping is particularly valuable for resolving the extent of
smoke-related O; impacts. These results highlight the importance of
a long-term, full-coverage, high-resolution daily MDAS8 dataset to
inform O3 policy.

03 trends and fire impacts
We evaluated trends of policy-relevant O levels (i.e., 3-year running
average of annual fourth-highest MDAS8) across CONUS from 2003
to 2024 using our full-coverage MLP-predicted dataset and estimated
fire impacts on O3 trends. Although previous studies have reported
wildfire-driven trend reversals for surface fine particulate matter
based on EPA station measurements (6) or a full-coverage ML-based
dataset (4), the role of wildfires in long-term surface O3 trends has
not been systematically assessed. We estimated wildfire impacts on
O3 trends using two approaches following previous studies (4, 25)
(methods). The first approach derives counterfactual “no-fire” trends
by excluding days and locations affected by wildfires (4), identified
through abnormally high surface carbon monoxide levels in CAMS
reanalysis. The second approach applies paired GEOS-Chem chemi-
cal transport model simulations with and without fire emissions to
estimate the relative fire contribution to O3 (25, 26). We then calcu-
lated fire-sourced O3 as the product of MLP-predicted all-source O3
and simulated fire relative contribution and obtained counterfactual
“no-fire” O3 levels by subtracting the fire-sourced O3 from the total.
The two methods yielded consistent counterfactual results [Pearson
correlation coefficient (R) = 0.99; fig. S2], and we present the first
approach in the paragraphs that follow.

Nationally, full-coverage MLP results reveal an O3 trend reversal
from a decline to an increase after 2015, primarily driven by increasing
wildfire emissions (Fig. 2C). The trend breakpoint search algorithm
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Fig. 2. Trends of policy-relevant O3 levels and associated mortality amid declining anthropogenic emissions and increasing fire emissions. (A and B) Grid-level
trends of policy-relevant O3 levels during (A) 2003-2015 and (B) 2015-2024 based on MLP results. Policy-relevant O3 levels are calculated as a 3-year running average of
the annual fourth-highest MDA8 O3 values (using 2 years at the edges). Black dots denote trends that are statistically significant at the 0.1 level. The western US and
Midwest regions are outlined. (C to E) Time series (solid lines) and trends (dashed lines) of policy-relevant O3 levels over (C) CONUS, (D) the western US, and (E) the
Midwest. Red lines represent MLP-predicted values, and blue lines show counterfactual estimates excluding fire impacts. Gray shading marks the COVID-19 period
(2020-2021). Bold dotted lines show post-2015 trends, excluding 2020-2021. Linear trend slopes k are annotated, with significance levels denoted by asterisks: *P < 0.1,
##P < 0.05, and ***P < 0.01. (F to H) Time series and trends of premature deaths attributable to fire-related long-term O3 exposure over (F) CONUS, (G) the western

US, and (H) the Midwest. Linear trend slopes and corresponding significance level are annotated as in (C) to (E).

(methods) detects two breakpoints for CONUS: 2015 and 2020. How-
ever, 2020 coincides with the COVID-19 pandemic, during which large
reductions in anthropogenic emissions lowered policy-relevant O3
levels by 3 to 4% (27), and thus may not represent a structural transi-
tion in long-term O3 behavior. We therefore adopted 2015 as the pri-
mary breakpoint, as it reflects the onset of the longer-term trend shift
associated with increasing wildfire influence under regulated anthro-
pogenic emission reductions (supplementary text). From 2003 to 2015,
policy-relevant O3 levels decreased at a statistically significant rate of
0.65 ppb year™ because of regulated reduction in anthropogenic pre-
cursor emissions (28). However, the trend reversed to positive during
2015-2024 (+0.13 ppb year; or +0.20 ppb year™' when the anomalous
COVID-19 period is excluded). The post-2015 positive trend would have
remained negative (—0.25 ppb year™) if fire impacts were removed,
suggesting that fires are the major driver of the national trend reversal.
We quantified the mitigation progress offset by wildfires as the ratio
of fire-enhanced O3 during 2015-2024 to the O3 reduction achieved
during 2003-2015, which shows that fires have erased an equivalent of
3.9 years of mitigation progress nationally since 2015. Importantly, fig.
S3 shows that this national trend reversal is not captured by analyses
based on long-term continuous EPA monitoring stations because of their
limited spatial coverage. Analyses based directly on CAMS also differ
from observation-informed MLP results, suggesting a much slower
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national O3 reduction during 2003-2015 and not capturing the dip dur-
ing the COVID-19 pandemic in 2020-2021, likely because of the pre-
scribed anthropogenic emission reduction pathway used in the CAMS
model (fig. S3).

Regionally, wildfire emissions have reversed policy-relevant O3 trends
since 2015 in the western US and the Midwest (Fig. 2, D and E; regions
outlined in Fig. 2A). In the western US, trends reverse from —0.44 ppb
year ' during 2003-2015 to +0.13 ppb year ' during 2015-2024 (+0.16 ppb
year™! when the COVID-19 period is excluded). If wildfire impacts were
excluded, the MLP-derived trend would have remained negative (—0.22 ppb
year ), indicating the dominant role of wildfires in driving the rever-
sal. Wildfire emissions have offset ~6.2 years of mitigation efforts in
the western US since 2015. This regional trend reversal is not captured
by analyses based on sparse EPA stations, which instead show a con-
tinuing negative trend (fig. S3). Indeed, long-term continuous monitor-
ing stations are disproportionately located along coastal regions,
whereas inland station coverage is comparatively sparse (Fig. 1A).
Because the trend reversal primarily takes place in inland regions such
as the Northern Rockies (Fig. 2, A and B), regional averages derived
from station data underrepresent these changes. CAMS-based analyses
suggest a near-flat trend (+0.03 ppb year"l) in the western US during
2003-2015 and do not reflect the trend reversal since 2015 identified
by MLP (fig. S3). In the Midwest, the policy-relevant O3 trend shifts
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from —0.54 ppb year™' during 2003-2015 to +0.26 ppb year™' during
2015-2024 (+0.36 ppb year™' when the COVID-19 period is excluded).
Excluding wildfire impacts would result in a continued decrease of
—0.30 ppb year ™, suggesting a fire-driven trend reversal. Wildfires have
eroded about 5.3 years of mitigation efforts in the Midwest since 2015.

Grid-level analysis further reveals that the trend reversal is geo-
graphically widespread (Fig. 2, A and B). During 2003-2015, policy-
relevant O; declined at statistically significant rates (>1 ppb year™)
across California, the Northern Rockies, the Great Lakes region, and
the eastern US, with decreases prevailing over most regions except
parts of the central US and the Intermountain West (e.g., Uinta Basin).
By contrast, during 2015-2024, trends reversed across much of the
western and central US, particularly in the Northern Rockies, where
wildfire activity is frequent. Positive trends are also observed over
most of the Midwest, reflecting the increasing influence from the
long-range transport of wildfire emissions. Notably, grid-level trends
from MLP show stronger agreement with EPA station-level trends
than those derived directly from CAMS, with higher accuracy in trend
direction (98.3 versus 92.0% during 2003-2015 and 88.3 versus 61.2%
during 2015-2024; fig. S4).

Finally, we estimated trends of annual premature deaths attributable
to long-term fire-sourced O3 exposure. We estimated premature mortal-
ity due to chronic all-sourced O3 exposure by convolving MLP-predicted
warm-season (April to September) average MDAS8 with population data
and baseline mortality rates (methods). We derived counterfactual mor-
tality using “no-fire” O3 levels based on the GEOS-Chem modeling ap-
proach, and the difference between the two scenarios represents
fire-related mortality. As the Global Fire Emissions Database emissions
used in our GEOS-Chem simulations have
not yet been updated to 2024 as of this
writing, the analysis covers 2003-2023. A

We found that, nationally, premature
deaths attributable to long-term fire-sourced
03 exposure have increased significantly
since 2013 (+318 deaths per year). The
annual average mortality during 2013-
2023 is 46% higher than that during 2003-
2013. The most severe years are 2023
(7974 deaths), 2021 (5737 deaths), and 2020
(3996 deaths). Regionally, the western US
has shown a pronounced upward trend
since 2013 (+87 deaths per year), with the
highest mortality in 2020 (2109 deaths),
followed by 2021 (2067 deaths) and 2018
(1797 deaths). Average annual premature
deaths during 2013-2023 are 71% higher 0
than during 2003-2013 in the western US.

The Midwest also exhibits a statistically

significant increase (+89 deaths per year),

peaking in 2023 (2417 deaths) and 2021

(1413 deaths). These results underscore the

escalating public health burden of wild-

fire-driven O3 pollution, highlighting the

urgent need for integrated strategies to

reduce both anthropogenic and fire emis-

sions to sustain progress in O3 air quality 20
and mortality reduction.
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Challenges in meeting and lowering
03 standards

We assessed the recent status (2022-2024))
of meeting NAAQS and examined the fea-
sibility of adopting a more stringent O3
standard in the context of increasing wild-
fire emissions. Under the existing 2015
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NAAQS, the health-based standard is 70 ppb. However, epidemiologi-
cal studies have reported increased mortality and morbidity even be-
low this threshold (29). The World Health Organization recommends
a more stringent short-term guideline of 50 ppb, with an interim target
of 60 ppb (30). It is worth noting that our evaluation strategy explicitly
considers wildfire-related exceedances, whereas the EPA treats them
as exceptional natural events (31). However, the growing frequency
and severity of wildfires (2), largely driven by anthropogenic climate
change, may warrant a reevaluation of this exemption policy to better
protect public health.

The recent period (2022-2024) includes the long-range transport
events of the 2023 Canadian wildfire smoke, providing a critical chal-
lenge for complying with NAAQS. We first examined the impact of the
2023 Canadian wildfires on O3 exceedance days and compared it with
the 2020-2022 period (Fig. 3, A and B). During 2020-2022, 21% of the
CONUS population (70 million people) lived in areas above the existing
70-ppb standard (annual exceedance days >3, which led to annual
fourth-highest MDAS8 exceeding 70 ppb). At that time, 64, 8, and 2%
of the population were exposed to at least 1 day, 1 week, and 1 month
of exceedance, respectively. Southern California experienced the high-
est exceedance levels (>1 month), with week-long exceedances also
observed in the urban areas of Arizona and Colorado, as well as the
Permian Basin. Exceedances of more than 3 days were also common
in urban Texas, the Lake Michigan region, and New York City. However,
the 2023 Canadian wildfire smoke substantially worsened O3 pollution,
with 44% of the population (148 million people) residing in areas
above the existing 70-ppb standard (annual exceedance days >3). At
that time, 74, 25, and 2% of the population experienced at least 1 day,

Annual Exceedance Days (2023)

|< Above Standard >|

31-90 >90

4-7 8-30
Nonattainment vs. Standard (2022-2024)

—— With Fires
—— Without Fires

70 65 60 55 50
Ozone Standard (ppb)

Fig. 3. Challenges in meeting and lowering O3 standards under growing fire impacts. (A) Average annual exceedance
days during 2020-2022 under the existing 2015 NAAQS (70 ppb). Inset pie charts show the population distribution by
exceedance day, with annotated percentages above standard (annual exceedance days >3). (B) Same as (A) but for 2023,
the year influenced by the Canadian wildfire. (C) Percentage of CONUS population living in nonattainment areas under
various O3 standards during 2022-2024 (defined using 3-year average annual fourth-highest MDAS levels). Red lines
represent MLP-predicted results, and blue lines show counterfactual estimates without fire impacts.
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1 week, and 1 month of exceedance, respectively. Widespread exceed-
ances occurred across the Midwest (>1 week), with impacts extending
into the Northeast (e.g., New York) and the Deep South (e.g., Texas
and Georgia).

We further evaluated the feasibility of lowering O3 standards during
2022-2024 (Fig. 3C). Under the existing 70-ppb standard, 30% of the
population (102 million people) lived in nonattainment areas, a frac-
tion that would decline to 17% if wildfire impacts were removed. The
population living in nonattainment was comparable to that under a
hypothetical 66-ppb standard if there were no wildfire impacts, indi-
cating that wildfires effectively prevent the US from lowering its O3
standard by about 4 ppb. In the presence of wildfire impacts, if the O3
standard were lowered to 65 ppb, 60% of the population (202 million
people) would fall into nonattainment, and under a 60-ppb standard,
the fraction would increase to 87% (294 million people). These findings
demonstrate the challenge in adopting a more stringent O3 standard
as growing wildfires contribute to high O3 episodes.

Conclusions

Growing wildfire emissions from the western US and Canada have
substantially elevated surface O levels across CONUS. However, full-
coverage MDAS8 O3 datasets remain lacking for high-fire years after
2016, limiting assessments of fire impacts on regulatory compliance
and public health. Here, we addressed this gap by developing a full-
coverage daily MDAS8 O3 dataset at 1-km resolution from 2003 to 2024
using deep learning, with demonstrated strong skills in capturing
exceedance events of NAAQS. The full-coverage ML-based results re-
veal a reversal in national O3 trends after 2015 that is not captured by
the sparse EPA monitoring network. Policy-relevant O3 levels declined
by 0.65 ppb year* during 2003-2015 owing to declining anthropogenic
emissions but increased by 0.13 ppb yea,r"l during 2015-2024 as a
result of increasing wildfire emissions. Regional fire-driven trend re-
versals are found in the western US and the Midwest, where 6.2 and
5.3 years of mitigation progress are negated. Premature deaths from
chronic exposure to fire-sourced O3 have increased significantly by 318
deaths per year since 2013, with post-2013 mortality 46% higher than
pre-2013 mortality. The most severe years are 2023 (7974 deaths), 2021
(5737 deaths), and 2020 (3996 deaths). During 2022-2024, wildfire
emissions led to an additional 43 million people living in nonattain-
ment areas, effectively preventing the US from tightening its O3 stan-
dard by 4 ppb. Escalating challenges in O3 regulation and public health
protection are expected as wildfire emissions continue to increase
under climate change (2, 32, 33). Mitigating climate change and imple-
menting fire prevention measures can lead to improved standards in
air quality and potentially bring large benefits to public health.
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