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ABSTRACT: Prescribed fire (PF) is extensively practiced across
the southeastern United States (US) to maintain fire-adapted
ecosystems and reduce wildfire risk. However, PF emits substantial
quantities of ozone (O3) precursors that can elevate ground-level
O3 through photochemical reactions. This study quantified PF
contributions to ambient O3 and associated premature mortality
across 12 southeastern US states from 2013 to 2021 using the
Community Multiscale Air Quality (CMAQ) model at 12-km
resolution. Model results were calibrated through data fusion with
surface observations, and sensitivity to spatial resolution was
examined with a nested 4-km simulation over Georgia. At 12-km
resolution, contribution from PFs to daily maximum 8-h average O3
(MDA8 O3) concentrations averaged to 0.34 ± 0.12 ppb across the
region, accounting for ∼0.9% of ambient levels. The PF contribution to daily maximum 1-h average O3 (MDA1 O3) averaged to 0.46
± 0.18 ppb or ∼1.1% of ambient MDA1 O3. At state level, highest annual average PF-MDA8 O3 (0.59 ± 0.14 ppb) and PF-MDA1
O3 (0.84 ± 0.22 ppb) were estimated in Georgia. Seasonal peaks (January−April) coincided with higher burning activity, with PF-
MDA1 O3 exceeding 1.0 ppb in Georgia, Alabama, Florida, and South Carolina. During the nine-year period, PF-related MDA8 O3
exposure (short-term + long-term) associated 8925 (95% CI: 6273−11,567) premature all-cause deaths, with 62% linked to long-
term exposure. Florida (2618), Georgia (1465), and North Carolina (910) experienced the highest absolute mortality burdens. The
4-km resolution model performed better than the 12-km model in estimating MDA8 O3 concentrations. In Georgia, the 4-km
simulation estimated approximately 10% lower PF-MDA8 O3 concentrations and, consequently, approximately 10% fewer PF-
MDA8 O3-attributable premature deaths than the 12-km simulation. These findings highlight the regional health relevance of PF-
related O3 and underscore the need to integrate air-quality and public-health considerations into future PF management, particularly
under climate-driven increases in fire activity.
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1. INTRODUCTION
Decades of fire suppression policies in the United States (US)
have led to substantial biomass accumulation in fire-adapted
ecosystems, increasing the risk of high-intensity wildfires. This
risk is being further amplified by climate change, which is
lengthening fire seasons and exacerbating fuel dryness across
much of the country.1−3 Prescribed fire (PF)�the intentional,
controlled application of fire under specific meteorological and
fuel conditions�has become a central land management
strategy to reduce wildfire hazard, improve forest resilience,
and restore ecological processes disrupted by fire suppres-
sion.4−6 While the western US has seen limited adoption due
to topographic complexity, regulatory constraints, and narrow
burn windows, the southeastern US has emerged as the
national leader in PF implementation, accounting for
approximately 70% of all prescribed burned area.7−9

In 2020, more than 38,000 km2 were treated with PF
nationwide, with 84% of that occurring on state and private
lands. Notably, the southeastern US contributed nearly two-
thirds of this activity, equivalent to ∼24,000 km2 annually, and
the burn area increased by 98% over the last 20 years.10,11 Fire-
prone ecosystems in this region, such as longleaf pine savannas
and coastal plains, exhibit short fire return intervals, high fuel
loads, and strong institutional and public support for burning
as a landscape management tool. The air-quality impacts of PF
have historically been studied primarily in relation to directly

Received: April 7, 2026
Revised: October 20, 2026
Accepted: October 21, 2026

Articlepubs.acs.org/EnvHealth

© XXXX The Authors. Co-published by
Research Center for Eco-Environmental
Sciences, Chinese Academy of Sciences,

and American Chemical Society
A

https://doi.org/10.1021/envhealth.6c00221
Environ. Health XXXX, XXX, XXX−XXX

This article is licensed under CC-BY 4.0

D
ow

nloaded from
 pubs.​acs.​org/​ehnea2/​article-pdf/​doi/​10.​1021/​envhealth.​6c00221/​69019887/​envhealth.​6c00221.​pdf by U

N
IV O

F LYN
C

H
BU

R
G

, Zongrun Li on 01 N
ovem

ber 2026

https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Kamal+J.+Maji"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Zongrun+Li"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Yongtao+Hu"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Jennifer+D.+Stowell"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Ambarish+Vaidyanathan"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Chad+W.+Milando"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Gregory+A.+Wellenius"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Gregory+A.+Wellenius"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Patrick+L.+Kinney"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="Armistead+G.+Russell"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/doSearch?field1=Contrib&text1="M.+Talat+Odman"&field2=AllField&text2=&publication=&accessType=allContent&Earliest=&ref=pdf
https://pubs.acs.org/action/showCitFormats?doi=10.1021/envhealth.6c00221&ref=pdf
https://pubs.acs.org/doi/10.1021/envhealth.6c00221?ref=pdf
https://pubs.acs.org/doi/10.1021/envhealth.6c00221?goto=articleMetrics&ref=pdf
https://pubs.acs.org/doi/10.1021/envhealth.6c00221?goto=recommendations&?ref=pdf
https://pubs.acs.org/doi/10.1021/envhealth.6c00221?goto=supporting-info&ref=pdf
https://pubs.acs.org/doi/10.1021/envhealth.6c00221?fig=tgr1&ref=pdf
pubs.acs.org/EnvHealth?ref=pdf
https://pubs.acs.org?ref=pdf
https://pubs.acs.org?ref=pdf
https://doi.org/10.1021/envhealth.6c00221?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://pubs.acs.org/EnvHealth?ref=pdf
https://pubs.acs.org/EnvHealth?ref=pdf
https://creativecommons.org/licenses/by/4.0/


emitted pollutants, particularly fine particulate matter (PM2.5).
PF smoke can substantially elevate ambient PM2.5 concen-
trations near and downwind of burned areas, and previous
studies have evaluated the resulting population exposure and
associated respiratory and cardiovascular health impacts.12,13

Consequently, smoke-management practices have focused on
reducing exposure to PM2.5 pollution.14,15

The scale and frequency of prescribed burning raise
important questions regarding its influence on air quality,
particularly concerning ozone (O3), a secondary pollutant. O3
is formed in the troposphere through photochemical oxidation
of volatile organic compounds (VOCs) in the presence of
nitrogen oxides (NOx) and solar radiation.16,17 PF emits
substantial quantities of NOx, nonmethane VOCs
(NMVOCs), and radical-generating precursors such as carbon
monoxide (CO), formaldehyde (HCHO), and nitrous acid
(HONO).18−20 These emissions can promote O3 formation
and the resulting O3 production is inherently nonlinear and
depends on the relative abundance of NOx and VOCs, plume
age and dilution, solar radiation, temperature, meteorological
conditions, and interactions between fire emissions and
background anthropogenic and biogenic precursors. Con-
sequently, the same quantity of PF precursor emissions may
produce different O3 responses depending on whether the
surrounding atmosphere is predominantly NOx- or VOC-
sensitive.18−20

Photochemical modeling studies have demonstrated that
regional fire events can affect O3, highlighting the importance
of secondary pollutant formation. More recently, field studies
in the southeastern US, conducted at Fort Moore (formerly
and now Fort Benning), Georgia, have documented O3
enhancements ranging from 5 to over 134 ppb following
prescribed burns, occasionally contributing to exceedances of
the US EPA National Ambient Air Quality Standard
(NAAQS) for O3, which is set at 70 ppb based on the annual
fourth-highest daily maximum 8-h average O3 concentration
(MDA8 O3), averaged over three consecutive years.21

However, compared with PM2.5, the regional-scale distribution
and temporal variability of PF-attributable O3 (PF-O3) remain
less comprehensively characterized.

Beyond PF’s contribution to ambient O3 concentrations,
fire-derived O3 may also have important public-health
implications. Acute and chronic exposure to O3 is linked to
respiratory inflammation, exacerbation of asthma, reduced lung
function, and increased mortality from cardiovascular and
respiratory causes.12,22 Previous health-impact assessments
assumed equivalent health risks for wildland-fire and all-source
O3. Based on that assumption, an estimated 1332 all-cause
deaths in the southeastern US were attributed to long-term
exposure to PF-O3 between 2013 and 2020.23,24 However,
recent evidence suggests greater health risks from wildland-fire
O3.25 Therefore, quantifying PF-O3 exposure using fire-specific
epidemiological evidence is important for more accurately
characterizing its potential health burden.

Our previous studies23,24 quantified PF contributions to
PM2.5 and O3 and their associated health impacts in certain
sections of southeastern US states using forecast meteorology
with ∼15% missing daily data. Those studies established the
substantial contribution of prescribed burning to regional
population exposure to PM2.5 and, to a lesser extent, O3.
However, O3 was considered alongside PM2.5, and several
aspects of PF-related O3 remained unexplored. The present
study focuses specifically on the formation and impacts of PF-

attributable O3. It extends the previous work by evaluating
both daily maximum 1-h average O3 (MDA1 O3) and MDA8
O3 across 12 southeastern states using hindcast meteorology
during 2013−2021, characterizing spatial and seasonal
variability and high-impact periods, quantifying both short-
and long-term PF-MDA8 O3-attributable mortality, and finally,
evaluating the sensitivity of O3 and health-impact estimates to
4-km versus 12-km model resolution in Georgia.23,24 This
study provides a comprehensive assessment of PF’s contribu-
tion to O3 pollution and associated health risks in the
southeastern US and offers evidence to inform integrated
strategies for fire management, air-quality protection, and
public health.

2. METHODS
We designed a multistage modeling framework to estimate year-
around PF-O3 impacts on air quality in 12 southeastern US states (i.e.,
Alabama, Arkansas, Florida, Georgia, Kentucky, Louisiana, Mis-
sissippi, North Carolina, South Carolina, Tennessee, Virginia, and
West Virginia). Specifically, we: (a) identified daily prescribed burned
areas using the Fire INventory from NCAR (FINN) and calibrated
them against burn permit records from 2013 to 2021; (b) estimated
PF emissions using the BlueSky framework and simulated PF
contributions to MDA1 O3 and MDA8 O3 metrics using WRF and
CMAQ at 12-km resolution; (c) fused the simulated MDA1 and
MDA8 O3 fields with ground-based monitoring observations to
improve accuracy; (d) utilized resulting PF-MDA8 O3 estimates to
quantify premature mortality associated with short-term and long-
term exposures; (e) ran the same models at 4-km resolution over
Georgia from 2016 to 2021 (with all other parameters held constant)
to evaluate the impact of spatial resolution on model performance
(Figure S1).

2.1. Prescribed Fire Emissions and Air-Quality Modeling
Prescribed burn permit records maintained by state agencies provide
ground-based information on reported prescribed burned areas and
can provide more accurate estimates of burn extent than satellite-
derived products. However, the availability and completeness of these
records were not consistent among the 12 southeastern states or
across the entire study period.26−29 Therefore, we used daily 1-km
resolution burned-area information from FINN (version 2.5) to
provide spatially and temporally consistent coverage across the study
domain.30 After applying the burn-type differentiation algorithm31 to
identify PFs, the FINN-derived daily prescribed burned areas were
compared with available state daily permit records and adjusted using
the reported daily burn information (i.e., location, date, and burned
area). Although there was substantial variation in the difference
between FINN burned areas and reported burn areas among the three
states that provided permit records (Florida, Georgia, and South
Carolina), we derived one calibration factor for all 12 southeastern
states using all available data. This calibration was intended to correct
the systematic overestimation of the prescribed burned area in FINN,
resulting from its pixel-based, convex-hull aggregation of small,
fragmented, and low-intensity fires.32

The adjusted burned areas were then incorporated into the BlueSky
smoke modeling framework to estimate PF emissions.33 BlueSky uses
the Fuel Characteristic Classification System version 2 (FCCS) to
estimate fuel loads at a 1-km resolution. To estimate emissions from
combustion, BlueSky applies emission factors (EFs), which relate the
mass of pollutants released to the mass of fuel consumed.34 We
implemented a coupled air-quality modeling system consisting of the
WRF (version 3.9) for meteorological fields and CMAQ (version 5.4)
for chemical transport.35 In our framework, no fixed precursor-to-O3
conversion factor was assumed; rather, PF-related O3 emerged from
the nonlinear atmospheric chemistry represented within CMAQ.

The modeling domain covered the southeastern US (23.71°−
42.10°N, 95.30°−73.64°W) at a horizontal grid resolution of 12 km ×
12 km, comprising 155 × 150 grid cells. To quantify the hourly
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contribution of PF to ground-level O3 (PF-O3), we conducted two
CMAQ simulations for the period January 1, 2013, to December 31,
2021. The first simulation included all emission sources (O3‑all

sim)
while the second excluded PF emissions (O3‑no‑PF

sim). The PF-
attributable O3 concentration, PF-O3

sim, was then calculated as the
difference between the two simulations as

x t x t x tPF O ( , ) O ( , ) O ( , )3
sim

3 all
sim

3 no PF
sim= (1)

where superscript ‘sim’ indicates CMAQ-simulated concentration and
‘x’ and ‘t’ denote space and time variability, respectively.

To evaluate the impact of model resolution on PF-O3
concentration estimates, we applied the CMAQ model over a domain
encompassing the state of Georgia (28.98°N, −87.82°W to 36.28°N,
−79.13°W), using a 180 × 180 grid at 4 km × 4 km horizontal
resolution for the period 2016−2021. All other model inputs and
parameters were held constant across simulations to isolate the effects
of spatial resolution. Simulated hourly O3 concentrations were then
postprocessed to calculate the MDA1 and MDA8 O3 concentrations.
2.2. Data Fusion
Modeled concentrations differ from in situ measurements due to
uncertainties of emissions inputs, meteorological parameters, and
representations of nonlinear physical/chemical O3 formation
processes.36,37 To reduce the model biases and error, we followed
the method of Friberg et al.38 and developed a more user-friendly
method by Li et al.37 for fusing observational MDA1 and MDA8 O3
from Environmental Protection Agency’s (EPA) Air Quality System
(AQS) O3 data with CMAQ results (O3‑all

sim). The observation data
set contained 85.3 thousand MDA1 O3 observations (306 sites) and
84.9 (304 sites) thousand MDA8 O3 observations in 2013, which
declined to 83.6 thousand (279 sites) and 83.5 thousand (279 sites),
respectively, in 2021. The data fusion was conducted between
CMAQ-simulated MDA1 or MDA8 O3 and observed MDA1 or
MDA8 O3, using a polynomial regression model.37 The resultant
MDA1 or MDA8 O3 concentration field (O3‑all

DF) leverages both
temporal accuracies provided by observations and spatial complete-
ness provided by CMAQ simulations. Finally, observation-adjusted
PF-MDA1 or PF-MDA8 O3 concentration fields (PF-O3

DF) were
generated by multiplying the simulated PF-MDA1 or PF-MDA8 O3,
(PF-O3

sim) with the ratio of fused (O3‑all
DF) and simulated (O3‑all

sim)
MDA1 or MDA8 O3 concentrations as follows

x t x t
x t
x t

PF O ( , ) PF O ( , )
O ( , )
O ( , )3

DF
3

sim 3 all
DF

3 all
sim= ×

(2)

We aggregated the daily fused PF-MDA1 and PF-MDA8 O3
concentration across the grids for individual counties, states, and
the 12-state region using a weighted spatial mean approach. This was

implemented using the ‘exactextractr’ package in R 4.2.3.39 The annual
and seasonal means were then derived by averaging the daily means
over the respective year or season.

The performance of the data-fusion method was evaluated
separately for each year using 10-fold cross-validation (CV) with
random observation-level withholding. The CV was not explicitly
blocked by monitoring location or time; therefore, observations from
the same monitoring site and/or time period could occur in both the
training and validation data sets.

2.3. Premature Deaths Assessment
Although both PF-MDA1 and PF-MDA8 O3 were evaluated in the
air-quality assessment, only PF-MDA8 O3 was used to quantify
premature mortality. We selected MDA8 O3 as the health-impact
metric to reduce potential overestimation40 and to maintain
consistency with the exposure metric used in the epidemiological
concentration−response relationships applied in this study.41 To
quantify premature deaths attributable to both short- and long-term
PF-MDA8 O3 exposures at the county level (x) and for each year (t),
the data-fused PF-MDA8 O3 concentrations and population-weighted
exposure data were incorporated into eq 3. This analysis followed the
well-established health-impact assessment method widely used in
wildland-fire smoke exposure mortality studies42−44

x t

B x t x t

Mor ( , ) (1 RR )/RR

( , ) Pop ( , )

d,a
PF O

d,a
d,a, PF O d,a, PF O

d,a a

3

3
DF

3
DF= [ ]

× × (3)

where d represents a specific disease (e.g., all-cause, cardiovascular
etc.), while a denotes a specific age group, Bd,a(x,t) is the baseline
mortality rate (i.e., annual for long-term and daily for short-term
mortality), and Popa(x,t) is the age-specific population in the county.
State-level mortality is obtained by summing ΔMord,a

PF‑O3 (x,t) for each
county in each state within the study domain. RRd,a is the relative risk
at annual average or daily average PF-MDA8 O3 concentration.

Previous studies have typically assumed that the health risks
attributable to O3 from wildland fires are equivalent to those from all-
source O3 exposure.24,45 However, recent epidemiological evidence
suggests that O3 generated from wildland-fire emissions may pose
greater health risks.41,46 While O3 is the same molecule regardless of
the source, we hypothesized that PF-O3 could act as a tracer or proxy
for different precursors or other pollutant mixtures within the smoke.
Because specific epidemiological study estimates of mortality RRs to
PF-derived O3-attributable risk were not available, we applied RRs
specific to wildland-fire-derived O3 from Xu et al.41 for both short-
and long-term PF-MDA8 O3 exposure and all-cause, cardiovascular,
and respiratory mortality. We employed a log-linear concentration−

Figure 1. Density scatterplots of observed and 12-km data-fused model: (a) MDA1 O3 and (b) MDA8 O3 during 2013−2021. The dotted line
shows 1:1.
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response function (CRF) to estimate the RRs at the corresponding
exposure concentrations (Tables S1 and S2).44

Long-term PF-MDA8 O3-attributable mortality was estimated
using the annual average county-level PF-MDA8 O3 concentration.
Short-term PF-MDA8 O3-attributable mortality was estimated at the
daily county levels during January−April, the peak PF-O3 exposure

season. Daily baseline mortality was estimated from the annual
county-specific baseline mortality rate to calculate the number of
deaths attributable to PF-MDA8 O3 on each day. Daily attributable
deaths were subsequently summed to obtain the annual short-term
mortality.

Figure 2. Spatial distributions of yearly average prescribed fire MDA1 O3 concentrations (ppb) during 2013−2021.
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Baseline mortality rates by specific year, county, disease, sex, and
for individuals aged ≥25 years (i.e., age groups: 25−29, 30−34, 35−
39, 40−44, 45−49, 50−54, 55−59, 60−64, 65−69, 70−74, 75−79,
80−84, and ≥85 years) were obtained from the Global Burden of
Disease (GBD) results tool,47 and corresponding county-level year
and age-specific population data were sourced from the surveillance,
epidemiology, and end results (SEER) database.48 While GBD
provided direct estimates of all-cause and cardiovascular mortality
rates, it did not offer a standalone rate for total respiratory deaths.
Therefore, in this study, we calculated respiratory mortality by
aggregating the death rates for chronic respiratory diseases, lower
respiratory infections, and upper respiratory infections.

3. RESULTS

3.1. Model Performances

The data-fused MDA1 and MDA8 O3 estimates, which have
been calibrated against monitoring station observations,
showed much higher accuracy than MDA1 and MDA8 O3
based purely on CMAQ simulation results (Table S3). Total
MDA1 O3 concentrations were slightly overpredicted by the
data-fusion (DF) approach with a low mean bias (MB = 1.09
ppb) and a normalized mean bias (NMB = 2.5%). The DF
method markedly improved the model performance for MDA1
O3, achieving a higher coefficient of determination (R2 = 0.82)
across the study domain. Additional performance metrics
further indicated enhanced accuracy, including a root-mean-
square error (RMSE) of 5.07 ppb, normalized mean error
(NME) of 8.7%, mean normalized bias (MNB) of 5.1%, and
mean normalized error (MNE) of 10.4% (Figure 1). Similarly,
total MDA8 O3 concentrations were slightly overpredicted by
the DF approach with an MB of 1.13 ppb and an NMB of
2.9%. The DF model also exhibited improved predictive
capability, achieving a higher R2 (0.85) and lower MNB
(5.9%) and MNE (10.9%) compared to the base model (Table
S3).

To further assess model robustness, a comprehensive 10-fold
CV was conducted for each year, and the R2 values in 10-fold
CV of DF results against observations increased substantially

from the nonfused results, from 0.50 to 0.78 for MDA1 O3 and
from 0.50 to 0.81 for MDA8 O3, demonstrating the enhanced
spatial and temporal consistency of the DF estimates.
Furthermore, the averages of all 10-fold CV results satisfied
the model performance criteria and goals recommended by
Emery et al.49 for the chemical transport model evaluation.

We ran our models at a 4-km resolution over Georgia from
2016 to 2021 (with all other parameters held constant) to
evaluate the impact of spatial resolution on model perform-
ance. The results show that after DF, the 4-km resolution
model outperformed the 12-km resolution model in estimating
MDA8 O3 concentrations. Specifically, the 4-km resolution
model achieved an R2 of 0.95, RMSE of 3.23 ppb, NMB of
−2.7%, MNB of −0.63%, and MNE of 7%, compared to the
12-km resolution model’s R2 of 0.87, RMSE of 4.84 ppb, NMB
of 5.7%, MNB of 9.7%, and MNE of 12.7% in Georgia (Table
S4). Similar improvements were observed for MDA1 O3
estimates in the 4-km resolution model than the 12-km
resolution model in Georgia (Figure S6).
3.2. PF Ozone

The 2013−2021 average PF-MDA1 O3 concentration in the 12
states was 0.46 ± 0.18 ppb (mean ± standard deviation),
which accounted for 1.1% of ambient MDA1 O3. There were
significant differences in PF-MDA1 O3 between the years: the
Highest PF-MDA1 O3 was estimated in 2017 (0.56 ± 0.22
ppb) and 2021 (0.52 ± 0.21 ppb), whereas the lowest PF-
MDA1 O3 was estimated in 2015 (0.40 ± 0.17 ppb) and 2020
(0.39 ± 0.15 ppb). At the state level, contribution of average
PF-MDA1 O3 was considerably higher in Alabama (0.7 ± 0.2
ppb), Florida (0.64 ± 0.27 ppb), Georgia (0.84 ± 0.22 ppb),
and South Carolina (0.55 ± 0.1 ppb) (Figure S5 and Table
S6). These levels accounted for ∼1.5−2% of ambient MDA1
O3 in each respective state. Notably, Georgia experienced the
highest annual average level of PF-MDA1 O3, exceeding 1.0
ppb (2.4% of ambient MDA1 O3) in 2017 and 2021. The
highest average PF-MDA1 O3 was estimated in Grady,
Thomas, and Decatur counties in southwest Georgia and

Figure 3. Spatial distributions of seasonal average prescribed fire MDA1 O3 (ppb) during 2013−2021. January−April (left column) is the extensive
burning season, May−September (center column) is the low burning season, and October−December (right column) is the moderate burning
season.
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Gadsden County in northwest Florida, reaching 1.4 ppb during
2013−2021 (Figure 2).

Seasonally, JFMA average PF-MDA1 O3 concentration
reached 0.73 ± 0.37 ppb (1.7% of the ambient MDA1 O3)
in the 12-state study domain and in Alabama (1.03 ± 0.34

ppb), Florida (1.17 ± 0.49 ppb), Georgia (1.54 ± 0.49 ppb),
and South Carolina (1.03 ± 0.24 ppb), PF-MDA1 O3
contributed ∼2.7% to ambient MDA1 O3 (Figure 3). Highest
JFMA average PF-MDA1 O3 was estimated in Georgia in 2017
(2.02 ± 0.74 ppb) and 2021 (1.82 ± 0.56 ppb). Average PF-

Figure 4. Spatial distributions of yearly average prescribed fire MDA8 O3 concentrations (ppb) during 2013−2021.
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MDA1 O3 was 0.26 ± 0.08 ppb during May−September
(MJJAS) and 0.46 ± 0.1 ppb during October−December
(OND), over the 12 states during the study period. During
OND, average PF-MDA1 O3 was 0.75 ± 0.22 ppb in Georgia
and 0.77 ± 0.22 ppb in Alabama, accounting for ∼2% of the
ambient MDA1 O3 concentrations in these states (Figure S5).
In 2014, 2017, 2020, and 2021, Georgia and Alabama recorded
the highest average PF-MDA1 O3 concentrations during the
OND period (Tables S7−S9). In each of these years, more
than 1,000 km2 were burned during the OND season,
contributing to the elevated O3 levels. However, the total
burned area during the JFMA period in Georgia and Alabama
was considerably higher, reaching ∼13,700 km2.

The average PF-MDA8 O3 concentration across the study
domain during the study period was 0.34 ± 0.12 ppb,
accounting for approximately 0.9% of ambient MDA8 O3
(Figure 4). In 2017 and 2021, the domain average PF-
MDA8 O3 exceeded 0.4 ppb. At the state level, the estimated
2013−2021 average PF-MDA8 O3 concentrations were
notably higher in Alabama (0.50 ± 0.11 ppb), Florida (0.45
± 0.17 ppb), Georgia (0.59 ± 0.14 ppb), and South Carolina
(0.41 ± 0.10 ppb) (Table S10). The Georgia average PF-
MDA8 O3 concentration was particularly high in 2017 (0.74 ±
0.20 ppb) and 2021 (0.70 ± 0.16 ppb). Grady, Thomas, and
Decatur counties in southwest Georgia and Gadsden County
in northwest Florida had the highest average PF-MDA8 O3
levels of ∼1.0 ± 0.1 ppb during 2013−2021, accounting for
about 2.5% of the ambient MDA8 O3 in these areas.

During the JFMA period, average MDA8 O3 concentrations
increased by 0.53 ± 0.25 ppb over the study domain due to
PF activity, accounting for ∼1.3% of ambient MDA8 O3 during
2013−2021 (Figure 5). In comparison, average increases
during MJJAS and OND were 0.20 ± 0.06 ppb and 0.34 ±
0.10 ppb, respectively. Notably, during JFMA, Alabama (0.74
± 0.21 ppb), Florida (0.82 ± 0.31 ppb), Georgia (1.06 ± 0.30
ppb), and South Carolina (0.74 ± 0.15 ppb) experienced
significant increases in PF-MDA8 O3 across the study years. In
2017 and 2021, PF-MDA8 O3 contributions during JFMA

exceeded 2.5% of ambient MDA8 O3 in these states (Tables
S11−S13). Similarly, during OND in both 2017 and 2021,
concentrations reached ∼0.70 ppb in Georgia and Alabama,
contributing about 2% of ambient MDA8 O3.

In each state, the highest PF-MDA1 and PF-MDA8 O3
concentrations generally coincided with the periods of
maximum statewide burned area. However, PF-O3 levels are
also influenced by prescribed burning activity in surrounding
states and by prevailing meteorological conditions, such as
wind speed, that govern smoke dispersion. For example, in
Georgia, the highest PF-MDA1 and PF-MDA8 O3 concen-
trations were observed on March 9 (12.3 and 9.3 ppb,
respectively) and April 7 (12.1 and 9.3 ppb) in 2021. In
contrast, lower values were observed on March 14, 2013 (4.5
and 5.9 ppb), despite a significantly larger burned area that day
(167 km2) compared to March 9 (104 km2) and April 7 (82
km2) 2021 (Figures S3 and S4). In 2020, the estimated PF-
MDA1 and MDA8 O3 concentrations in Alabama, Arkansas,
Kentucky, Louisiana, Tennessee, and Mississippi were higher
during OND compared to JFMA (Tables S11 and S113). This
increase is attributable to a larger burned area in OND, which
may have resulted from delays or restrictions on prescribed
burning earlier in the year due to COVID-19-related
limitations. Based on satellite-derived active fire data, fire
activity in the southeastern US decreased by 21% during
March−October 2020 due to COVID-19 compared to the
2003−2019 average for the same period.50 During 2013−2021,
at the state level, PF-MDA8 O3 contribution exceeded 10% of
the NAAQS for daily MDA8 O3 (≥7 ppb) on 10 days in
Georgia, 7 days in South Carolina, and 4 days in Alabama.
However, these states experienced PF-MDA8 O3 contributions
accounting for ≥10% of ambient MDA8 O3 on 45 days in
Georgia, 17 days in South Carolina, and 15 days in Alabama.

At 4-km resolution, we estimated ∼10% lower annual
average PF-MDA8 O3 concentrations in Georgia compared to
the 12-km resolution. For 2016−2021, the average PF-MDA8
O3 concentration using 4-km resolution was 0.53 ± 0.12 ppb,
compared to 0.59 ± 0.12 ppb estimated using 12-km

Figure 5. Spatial distributions of seasonal average prescribed fire MDA1 O3 (ppb) during 2013−2021. The left column is during the January−April
season, the center column is during the May−September season, and the right column is during the October−December season.
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resolution. In 2017 and 2021, the annual average PF-MDA8
O3 concentrations at 4-km resolution were 0.67 ± 0.18 and
0.65 ± 0.14 ppb, whereas at 12-km resolution, the estimated
values were 0.74 ± 0.2 and 0.70 ± 0.16 ppb, respectively.
Similar levels of lower PF-MDA8 O3 concentrations were
estimated with 4-km resolution during all seasons. In contrast,
almost the same levels of annual average PF-MDA1 O3 were
estimated using 4-km (0.84 ± 0.21 ppb) and 12-km (0.83 ±
0.20 ppb) resolution in Georgia during 2016−2021. Using 4-
km resolution, the highest annual average PF-MDA1 and PF-
MDA8 O3 concentrations were estimated in 2017, at 2.32 and
1.45 ppb, respectively. These values were lower than those
estimated using 12-km resolution, with the highest annual
averages for PF-MDA1 and PF-MDA8 O3 of 2.49 and 1.61 ppb
in 2017, respectively. The maximum PF-MDA1 and PF-MDA8
O3 concentrations estimated using 4-km resolution were 68.7
and 46.7 ppb, respectively, approximately 20% lower than the
corresponding maximum values of 82.4 and 57.3 ppb at 12-km
resolution (Figure 6).

The annual and seasonal descriptive statistics for PF-MDA1
and PF-MDA8 O3 concentrations (12-km model), including
the mean, standard deviation (SD), median, and interquartile
range (IQR), for each individual state are provided in Tables
S6−S13.
3.3. Attributable Premature Deaths

In the 12 southeastern US states, an estimated total of 8,925
(95% CI: 6273−11,567) all-cause deaths were attributable to
PF-related MDA8 O3 exposure during 2013−2021 among the
population aged ≥25 years. This includes 3213 (95% CI:
1348−5141) cardiovascular deaths and 1,208 (95% CI: 614−
1796) respiratory deaths. These deaths attributable to PF-
MDA8 O3 exposure represented approximately 0.12%, 0.15%,
and 0.20% of all-cause, cardiovascular, and respiratory deaths,
respectively, across the 12 southeastern US states during the
study period. The corresponding total premature mortality

rates were estimated at 1.19 (95% CI: 0.83−1.53) per 100,000
residents for all-cause deaths, 0.43 (95% CI: 0.18−0.68) for
cardiovascular deaths, and 0.16 (95% CI: 0.08−0.24) for
respiratory deaths. Among the 8925 all-cause deaths
attributable to PF-MDA8 O3 exposure, 62% were linked to
long-term exposure and 38% to short-term exposure, with the
long-term to short-term death ratio ranging from 1.4 to 2.0
across the study period.

In 2017 and 2021, the estimated total all-cause deaths
attributable to PF-MDA8 O3 exposure were the highest, driven
by elevated exposure levels, specifically, 1,156 (95% CI: 816−
1496) and 1,426 (95% CI: 1006−1845) deaths, respectively.
The highest numbers of total all-cause deaths (in nine years)
attributable to PF-MDA8 O3 exposure were estimated in
Florida (2618; 95% CI: 1860−3373), Georgia (1465; 95% CI:
1037−1891), and North Carolina (910; 95% CI: 637−1181).
However, when standardized per 100,000 population, the
highest PF-MDA8 O3-attributed all-cause mortality rates were
observed in Alabama (1.74), Georgia (1.56), and South
Carolina (1.42).

In Georgia, during 2016−2021, total estimated all-cause
mortality (combined long- and short-term) attributable to PF-
MDA8 O3 using 4-km resolution was 963 (95% CI: 681−
1244), approximately 10% lower than the estimate using 12-
km resolution, which was 1,065 deaths (95% CI: 754−1374).
The highest annual all-cause mortality in Georgia was
estimated for 2021, with 244 deaths (95% CI: 173−314)
estimated using 4-km resolution compared to 271 deaths (95%
CI: 193−342) using 12-km resolution.

4. DISCUSSION
This study highlights the contribution of PF-attributable O3 in
the 12 southeastern US states, ranging from minor impacts on
annual average concentrations to more pronounced effects on
extreme burn days. Over the period 2013−2021, a total of

Figure 6. Grid maximum prescribed burn MDA1 O3 (left) and MDA8 O3 (right) during 2013−2021.
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8925 all-cause deaths were attributable to PF-related MDA8
O3 exposure. Our study offers several key advantages over
previous works. First, we applied a burn-type differentiation
algorithm to distinguish PF from other wildland fires in FINN
and calibrated the resulting prescribed burned areas using
available state permit records, improving the representation of
PF activity. This calibration assumed uniform overprediction
of burned areas by FINN in all 12 states, which is a potential
source of uncertainty because there was substantial variation in
overprediction among the three states that provided the
permitted burn area records (Florida, Georgia, and South
Carolina). Second, PF emissions generated using the BlueSky
framework were integrated with WRF−CMAQ simulations,

and the modeled O3 fields were further constrained using
ground-based observations through data fusion, substantially
improving model performance. Third, the health-impact
assessment applied wildland-fire-specific relative risks for
both short- and long-term O3 exposure rather than assuming
equivalent toxicity to all-source ambient O3. Finally, the
comparison of 4-km and 12-km simulations in Georgia
provided an explicit assessment of the influence of model
spatial resolution on estimated PF-O3 concentrations and
associated mortality. Together, these features provide a
comprehensive framework for characterizing the air-quality
and public-health implications of PF-related O3.

Figure 7. Prescribed burn MDA1 O3 and MDA8 O3 at 4 km × 4 km (top row) and 12 km × 12 km (bottom row) resolutions in Georgia and the
surrounding area.
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We observed that the 4-km model outperformed the 12-km
resolution model (Figure S6). However, the model resolution
sensitivity analysis was conducted only in Georgia. Because PF-
related O3 impacts were not spatially uniform across the
southeastern US, the sensitivity may not be the same for other
states. Typically, the model performance is assessed by
sampling the grid cell where an AQS monitoring site is
located. However, AQS sites are unevenly distributed,
concentrating in densely populated urban and suburban areas
where O3 levels are typically high rather than around
prescribed burned areas. This uneven distribution introduces
spatial bias when comparing coarse-resolution estimates to
point-based measurements. Sampling 12-km resolution grids
(144 km2) over AQS site locations can result in significant
biases due to spatial averaging effects.51 The improved
performance of the 4-km resolution estimates is largely due
to the enhanced ability to capture spatial heterogeneities in O3
precursor emissions, land use, and topography. At finer
resolution, localized emission sources such as traffic corridors
and industrial zones are more accurately represented,
minimizing dilution that occurs with larger grid sizes.52

Additionally, higher resolution better resolves terrain features
and land cover variations that significantly influence meteoro-
logical drivers of O3, such as wind flow, temperature gradients,
and boundary layer dynamics. Consequently, this improves the
representation of nonlinear chemical interactions, including O3
titration by NO near emission sources and differentiation of
NOx versus VOC-limited regimes.53,54 These chemical
processes are particularly relevant for PF plumes because O3
production evolves as the plume ages and mixes with the
surrounding atmosphere. Fresh plumes may contain suffi-
ciently high NO concentrations to suppress O3 locally through
titration, whereas dilution and photochemical aging can
subsequently promote net O3 production as fire-emitted
VOCs and NOx interact with background anthropogenic and
biogenic precursors.53

In our previous work, the 4-km resolution model23 yielded
an annual mean PF-MDA8 O3 concentration of 0.51 ppb for
Georgia in 2017, while the 12-km resolution model24 produced
an estimate of 0.64 ppb. In the present study, the
corresponding values rose to 0.67 ppb (4-km) and 0.74 ppb
(12-km) (Figure 7). Two factors explain the higher estimates:
first, the earlier analyses excluded ∼15% of days because of
missing data, leading to a potential underestimation of annual
means, and second, the current study employs the latest
versions of WRF (v3.9) and CMAQ (v5.4), which offer
improved meteorological inputs, updated gas-phase chemistry,
and improved dry-deposition algorithms, thereby providing
more accurate O3 fields. Maji et al.23 found that 4-km
resolution modeling produced higher PF impact for PM2.5
compared to 12-km resolution model outputs.24 In contrast,
for MDA8 O3, the 4-km resolution simulations resulted in
lower PF impact than those from 12-km resolution runs. This
divergence is rooted in the fundamental atmospheric behavior
of the pollutants: PM2.5 is both a primary and secondary
pollutant, while O3 is a secondary pollutant. Primary PM2.5
from prescribed burns, emissions from other local sources,
terrain variability, and meteorological conditions are better
resolved with fine resolution. Consequently, 4-km resolution
models more accurately capture high-concentration plumes
near fire sources that are diluted in coarser grids, resulting in
elevated PF−PM2.5 estimates.55,56 Moreover, high-resolution

models better simulate plume rise and diurnal emission timing,
improving estimates of near-source PM2.5 exposure.57

In contrast, most O3 formation occurs downwind of
prescribed burns through photochemical reactions and is
sensitive to transport and chemical aging. Coarser models may
overestimate O3 production by overdiffusing fire plumes and
artificially enhancing precursor mixing and photochemistry.58

High-resolution models can resolve fine-scale dynamics such as
NO titration near sources or within plumes, which can
suppress O3 formation and yield lower prescribed burn impact
in the near field.59,60 Grid size is especially important for PF-O3
production, which involves nonlinear chemical reactions
involving NOx and VOCs.61,62 Jaffe et al.14 emphasize that
chemical transport models (CTMs) like CMAQ face
substantial difficulty in reproducing wildland-fire-driven O3.
Biomass-burning plumes release large quantities of acetalde-
hyde, a key precursor to peroxyacetyl nitrate (PAN), which
rapidly sequesters NOx, and accurate representation of this
process hinges on both model grid resolution and the fidelity
of emission inventories. When CTMs overestimate NOx and/
or underestimate acetaldehyde, they routinely inflate near-
source O3, a bias noted in several evaluations.15,60 In contrast,
our PF simulations did not show elevated O3 adjacent to burn
areas, suggesting improved precursor balance or plume
dispersion treatment. A further complication is the sheer
chemical complexity of fire emissions: wildland fires emit
hundreds of volatiles and oxygenated organic compounds, the
majority of which are absent from standard gas-phase
mechanisms. For instance, furans implicated in up to 10% of
O3 production within smoke plumes and major secondary-
organic-aerosol precursors,63 are typically excluded. With more
than 500 distinct VOCs identified in biomass-burning
plumes,64−66 mechanism simplification is unavoidable, yet
the consequences of these omissions for O3 chemistry remain
poorly quantified.

Prescribed burning was most prevalent during January−
April, and our results showed substantial burning during May−
September in several southeastern states. This seasonal timing
is relevant for PF-O3 formation because warmer temperatures
and stronger solar radiation during summer generally favor
photochemical O3 production.67,68 Consequently, PF occur-
ring during warmer months may have a greater potential for O3
formation per unit of precursor emissions than similar burns
occurring under cooler conditions. For example, in 2019,
Florida and South Carolina burned 13% and 29% more area
per month, respectively, during October−December compared
with May−September; nevertheless, the average PF-related O3
concentrations were nearly identical between the two seasons.

The current analysis estimates higher short- and long-term
all-cause mortality than previous studies23,24 because we
applied updated relative risk that shows a stronger association
between PF-MDA8 O3 exposure and mortality outcomes for
both time scales. However, we did not consider the potential
synergistic impacts of PF−PM2·5 and PF-O3 on long-term
mortality, which tends to cause underestimation of the
attributable deaths. Although O3 is the same chemical species
regardless of its source, the available epidemiological evidence
indicates that wildland-fire-derived O3 have associated with
higher short-term mortality risks than all-source O3, and
similarly PF-O3 exposure may occur in the presence of other
fire-related pollutants and under distinct exposure conditions.
Therefore, the estimated mortality burden should be
interpreted cautiously, and further epidemiological studies
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are needed to establish robust source-specific long-term
mortality risk estimates for PF-O3. Using average daily
county-level death counts in calculating short-term attributable
deaths based on annual deaths and assuming that death rate
does not change during JFMA could also result in under-
estimation.

There is frequent confusion over whether short-term and
long-term mortality burdens from air pollution overlap or if
short-term impacts are simply a subset of long-term effects.
However, these burdens represent distinct outcomes based on
different exposure timeframes and populations: short-term
mortality refers to deaths occurring within hours to days of
exposure, while long-term mortality represents deaths in future
years resulting from cumulative exposure during the current
year among individuals who did not die during that year.69

Although long-term mortality is often estimated using current-
year death data, this serves as a practical proxy for future
deaths, assuming stable mortality rates and population
continuity.70 This methodological choice should not be
misinterpreted as suggesting that long-term impacts occur
within the same time frame as short-term effects. Therefore,
short-term and long-term mortality burdens from PF-sourced
air pollution should be treated as scientifically distinct and
nonoverlapping.41 In our previous study, we estimated 12 (8−
17) and 31 (20−42) all-cause premature deaths attributable to
short-term and long-term exposure to PF-MDA8 O3 in
Georgia in 2020.23,24 In contrast, the present study yields
higher estimates, with 43 (37−50) and 88 (54−122) deaths
attributable to short-term and long-term exposure, respectively,
for the same year.

Our study has some limitations. We used FINN data to
obtain 1-km resolution hourly wildland burned-area informa-
tion; however, FINN has limitations in capturing all of the
burns because of cloud cover and temporal mismatches
between prescribed burn activity and satellite overpass
times.71 Wildland-fire emission estimates from different
inventories vary substantially.18 For example, global biomass-
burning organic carbon (OC) emissions derived from different
inventories such as Global Fire Emissions Database
(GFEDv3.1 and GFEDv4), FINNv1.5, Global Fire Assim-
ilation System (GFASv1), Fire Energetics and Emissions
Research (FEERv1.0), and Quick-Fire Emissions Data set
(QFEDv2.4) differ by up to a factor of 3.8 on an annual
average. In 2008, these data sets reported global OC emissions
of 15.65, 13.76, 19.48, 18.22, 28.48, and 51.93 Tg C,
respectively.72 Similarly, other studies have quantified the
high uncertainty in fire emission inventories.73 The discrep-
ancies may stem from differences in the number and detail of
VOCs and NMVOCs included in each emission inventory.
This study used BlueSky, which applies EFs for 190 VOC and
NMVOC species and provides a detailed chemical profile
based on US-specific fire studies. In contrast, GFEDv4 includes
only 21 VOC species and QFEDv2.4 includes 9, and both rely
on global EFs that lack the fuel-specific detail available in
BlueSky. In addition to speciation, variations in input data,
such as fire detection methods, burned-area estimates, and
biomass consumption, also contribute to the divergent
emission estimates across inventories.74 These differences
highlight the challenges in achieving consistency in fire
emission inventories and the importance of carefully selecting
and evaluating input data sets based on study goals and
regional characteristics. Another key limitation is that PF-
attributable O3 cannot be directly validated because routine

monitors measure only total ambient O3 and cannot
distinguish O3 formed from PF emissions from that produced
from anthropogenic, biogenic, wildfire, or background
precursors. Additionally, applying wildland-fire O3 risk
estimates to prescribed fires introduces uncertainty due to
differences in fire characteristics, copollutants, and exposure
patterns. Future field measurements and PF-specific epidemio-
logical studies are needed to improve PF-O3 exposure and
health-impact estimates.

Despite these limitations, this study provides valuable
quantitative insights into the contribution of PF to O3
pollution and offers important evidence for future epidemio-
logical studies investigating the public-health impacts of PF in
the southeastern US. In conclusion, PF-sourced O3 contributes
to ambient air pollution and a measurable mortality burden
across the southeastern US, with substantial geographical and
seasonal variation. As climate change increases fire-prone
conditions and the use of prescribed burning potentially
expands, integrated mitigation and adaptation strategies are
needed to balance effective fire management with the
protection of air quality and public health.
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